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Abstract

Stock price prediction remains challenging due to the nonlinear and dynamic behavior of financial
markets, where price movements are influenced not only by historical market data but also by investor
sentiment reflected in financial news. This study investigates the effectiveness of sentiment integration
for stock price prediction by comparing FinBERT, a financial domain-specific language model, and
IndoBERT, a language-specific Indonesian language model, within an LSTM-based forecasting
framework. Experiments were conducted using daily stock price data and financial news collected for
three Indonesian stocks (BBCA, BBRI, and BSDE) over the period 2019—2025. Sentiment scores
extracted from financial news were aggregated on a daily basis and incorporated as additional
features alongside historical price variables. Model performance was evaluated using MAE, RMSE,
MAPE, R? and Directional Accuracy. The results indicate that sentiment-enhanced models do not
consistently improve numerical forecasting accuracy compared with the baseline LSTM model.
However, sentiment integration does not consistently improve directional prediction, although limited
stock-specific differences are observed under certain stock-specific conditions. Comparative analysis
further shows that neither FinBERT nor IndoBERT consistently outperforms the other across all
datasets and metrics, suggesting that sentiment effectiveness is highly dependent on linguistic context
and market characteristics. These findings highlight that sentiment information should be
incorporated selectively rather than assumed to universally improve stock forecasting performance in
emerging markets.
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1 Introduction

Stock price prediction remains a challenging task because financial markets are dynamic,
nonlinear, and highly sensitive to both historical market behavior and external information. Price
movements are influenced not only by technical variables such as opening price, closing price, trading
volume, and volatility, but also by investor expectations, financial news, market uncertainty, and
broader economic conditions. Although traditional statistical forecasting models such as ARIMA have
been widely used in financial time-series prediction, recent studies show that hybrid and deep learning
approaches are often more suitable for capturing nonlinear and non-stationary stock market behavior
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Among deep learning approaches, Long Short-Term Memory (LSTM) networks remain widely
used for stock price prediction because they are designed to model sequential data and capture long-
term temporal dependencies. The LSTM architecture introduced by Hochreiter and Schmidhuber
(1997) addresses the vanishing-gradient problem commonly found in conventional recurrent neural
networks. Recent studies continue to use LSTM and its variants for financial forecasting, including
attention-based LSTM, stacked LSTM, LSTM-DNN, CNN-BiLSTM-Attention, and hybrid LSTM
models [2-6]. These studies indicate that LSTM remains relevant as a forecasting baseline and
comparative architecture in stock market prediction.

However, stock prediction models that rely only on historical price data may fail to capture the
influence of textual information, particularly sentiment reflected in financial news and public
discussions. Investor sentiment can influence market expectations and trading decisions, especially
during periods of uncertainty. Previous studies have demonstrated that sentiment extracted from
textual data can support stock movement prediction [7]. More recent studies also show that integrating
sentiment analysis with deep learning models may improve stock forecasting performance under
certain market conditions, although the improvement is not always consistent across datasets, sectors,
or time periods [6-9].

The development of transformer-based language models has further improved the quality of
sentiment extraction from financial texts. FInBERT is a financial domain-specific language model
designed to capture financial terminology and contextual meaning in financial communication. Several
studies have shown that FInBERT can be used to extract financial sentiment and integrate it with
forecasting models for stock price or stock movement prediction [9-13]. These findings suggest that
domain-specific sentiment models may provide useful information when financial news contains
market-relevant signals.

In the Indonesian context, language-specific sentiment representation is also important because
local financial news contains Indonesian linguistic structures, expressions, and contextual meanings
that may not be fully captured by English-based financial sentiment models. IndoBERT, introduced
through the IndoNLU benchmark, provides a strong pre-trained language model for Indonesian natural
language understanding tasks [14]. Indonesian BERT-based models have also been shown to perform
effectively in Indonesian sentiment and text classification tasks, including IndoBERTweet and fine-
tuned IndoBERT variants [15-18]. Therefore, IndoBERT may offer advantages when extracting
sentiment from Indonesian-language financial news.

Despite these developments, several research gaps remain. First, many sentiment-enhanced stock
prediction studies focus on a single sentiment model, making it difficult to determine whether
performance differences are influenced by financial-domain specificity, language specificity, or the
forecasting architecture itself. Second, comparative studies between FinBERT as a financial domain-
specific model and IndoBERT as an Indonesian language-specific model remain limited, particularly
in the Indonesian stock market. Third, many prior studies emphasize numerical forecasting accuracy
while providing limited discussion of directional accuracy, statistical significance, and the practical
meaning of model improvements.

To address these gaps, this study compares FinBERT-enhanced LSTM, IndoBERT-enhanced
LSTM, and baseline LSTM models for stock price prediction in Indonesia. The experiments are
conducted on three Indonesian stocks, namely BBCA, BBRI, and BSDE, using historical stock price
data and financial news collected from CNBC Indonesia during the 2019-2025 period. Model
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performance is evaluated using RMSE, MAE, MAPE, R? Directional Accuracy, and statistical
significance testing. This study aims to determine whether sentiment integration improves stock price
prediction performance and whether FinBERT or IndoBERT provides more effective sentiment
representation for Indonesian stock forecasting.

The contributions of this study are threefold. First, this study provides a comparative evaluation
of financial domain-specific and Indonesian language-specific sentiment models within the same
LSTM-based stock prediction framework. Second, this study evaluates model performance not only
using numerical error metrics, but also using Directional Accuracy and statistical significance testing.
Third, this study provides empirical evidence that the effectiveness of sentiment integration in stock
prediction is stock-dependent and should not be assumed to universally improve forecasting
performance.

2 Literature Review

2.1 Stock Price Prediction Using Deep Learning

Stock price prediction has been widely studied using statistical, machine learning, and deep
learning approaches. Traditional time-series models such as ARIMA are commonly used for financial
forecasting, but their effectiveness is often limited when dealing with nonlinear, non-stationary, and
volatile stock market data. Recent studies therefore increasingly adopt hybrid and deep learning
models to improve forecasting performance, including wavelet-ARIMA-LSTM, ARIMA-LSTM
comparison, attention-based LSTM, LSTM-DNN, and CNN-BiLSTM-Attention architectures [1-3, 5,
19].

Long Short-Term Memory (LSTM) networks are widely used in stock price prediction because
they are designed to learn sequential dependencies and overcome the vanishing-gradient problem in
conventional recurrent neural networks. The model was originally introduced by Hochreiter and
Schmidhuber (1997) and has since become a common foundation for financial time-series forecasting.
Earlier and recent studies show that LSTM-based models can capture temporal dependencies in stock
market data and remain useful either as standalone forecasting models or as comparative baselines for
more complex architectures [3, 4, 20-22].

Recent developments also show that LSTM is frequently extended with additional mechanisms
to improve predictive performance. Attention mechanisms are used to emphasize important temporal
patterns, while convolutional layers can capture local price movement structures before sequential
learning is performed. Hybrid models that combine LSTM with other neural architectures have been
reported to improve forecasting accuracy in several financial datasets [2, 5, 19]. These findings indicate
that LSTM remains relevant in stock prediction research, especially as a baseline architecture for
evaluating the added contribution of sentiment features.

2.2 Sentiment Analysis for Financial Market Prediction

Financial markets are influenced not only by historical price movements but also by investor
sentiment and external information. News articles, public disclosures, and social media discussions
can shape investor expectations and affect trading behavior. Sentiment analysis therefore provides a
way to convert textual information into numerical signals that can be integrated into prediction models.
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Earlier research has shown that social media sentiment and topic-based sentiment features can support
stock movement prediction [7], [23].

Recent studies continue to explore the integration of sentiment analysis with deep learning
models. Sentiment-enhanced forecasting has been applied to stocks, banking-sector assets, and
cryptocurrency markets using LSTM, GRU, and transformer-based sentiment representations [6, 8, 9,
24]. These studies suggest that sentiment information can provide complementary signals when textual
data reflects market-relevant expectations or uncertainty.

However, the benefit of sentiment integration is not always consistent. Sentiment features may
improve prediction performance when news coverage is relevant and timely, but they may also
introduce noise when the sentiment signal is weak, delayed, or unrelated to the target stock. Under
uncertain market conditions, sentiment information can behave differently across sectors and time
periods [6], [8]. Therefore, sentiment-enhanced forecasting models should be evaluated not only using
numerical error metrics, but also using Directional Accuracy and statistical significance testing.

2.3 FinBERT for Financial Sentiment Analysis

Transformer-based language models have improved sentiment extraction because they can
capture contextual meaning more effectively than traditional lexicon-based or conventional machine
learning methods. FinBERT is one of the most widely used financial domain-specific language models
for financial sentiment analysis. It is designed to capture finance-related terminology, contextual
polarity, and domain-specific expressions in financial communication [10-12].

FinBERT has also been applied in prediction-oriented financial research. Several recent studies
integrate FinBERT-generated sentiment scores with sequence forecasting models such as LSTM and
GRU to support stock or cryptocurrency prediction [9, 13, 24]. These findings suggest that financial
domain-specific sentiment representation may provide useful predictive information, especially when
the analyzed texts contain explicit financial terminology or market-relevant news signals.

Nevertheless, FInBERT is primarily developed for financial-domain texts that are largely
English-based. This creates a potential limitation when the model is applied to Indonesian financial
news. Although FinBERT may capture finance-specific terms, it may not fully represent Indonesian
linguistic nuances, local expressions, and contextual meanings. Therefore, its effectiveness in
Indonesian stock prediction needs to be compared with language-specific Indonesian models.

2.4 IndoBERT and Indonesian Language-Specific Sentiment Model

Financial markets are influenced not only by historical price movements but also by investor
sentiment and external information. News articles, public disclosures, and social media discussions
can shape investor expectations and affect trading behavior. Sentiment analysis therefore provides a
way to convert textual information into numerical signals that can be integrated into prediction models.
Earlier research has shown that social media sentiment and topic-based sentiment features can support
stock movement prediction [7], [23].

Language-specific models are important for Indonesian sentiment analysis because Indonesian
texts contain linguistic structures, local entities, informal expressions, and contextual meanings that
may not be fully captured by English-based or multilingual models. IndoNLU provides benchmark
resources for Indonesian natural language understanding and includes IndoBERT as one of the
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important pre-trained models for Indonesian NLP tasks [14]. In addition, IndoBERTweet demonstrates
the value of Indonesian domain-specific vocabulary initialization for social media text [15].

Recent studies on Indonesian text classification show that IndoBERT-based models remain
competitive for various sentiment and multilabel classification tasks. Comparative evaluations
involving IndoBERT, IndoBERTweet, and mBERT indicate that Indonesian BERT-based
representations are effective for capturing local linguistic context [16]. Fine-tuned IndoBERT has also
been applied successfully in aspect-based sentiment analysis tasks, such as hospital service reviews
and other Indonesian review datasets [17], [18].

In Indonesian stock prediction, IndoBERT may provide advantages when the analyzed news
articles are written in Indonesian and contain local expressions or context-specific sentiment.
However, IndoBERT is not specifically trained on financial corpora, so it may be less effective than
FinBERT when the text contains dense financial terminology. This creates an important empirical
question: whether domain specificity from FinBERT or language specificity from IndoBERT provides
better sentiment representation for Indonesian stock price prediction.

2.5 Research Gap

Based on the reviewed literature, several research gaps remain. First, although LSTM-based
models have been widely used for stock price prediction, many studies still focus mainly on historical
market data and technical indicators. The incremental value of sentiment information remains
inconsistent and requires further empirical evaluation. Second, many sentiment-enhanced stock
prediction studies use only one sentiment model, making it difficult to determine whether performance
improvements are caused by domain-specific sentiment representation, language-specific
representation, or the forecasting model itself.

Third, comparative studies between FinBERT as a financial domain-specific model and
IndoBERT as an Indonesian language-specific model remain limited, particularly in the Indonesian
stock market. This gap is important because Indonesian financial news may contain both financial
terminology and local linguistic context. Fourth, many previous studies emphasize numerical
prediction accuracy, while fewer studies discuss Directional Accuracy, statistical significance, and the
practical interpretation of small performance differences.

To address these gaps, this study compares baseline LSTM, FinBERT-enhanced LSTM, and
IndoBERT-enhanced LSTM models for Indonesian stock price prediction. The evaluation uses RMSE,
MAE, MAPE, R?, Directional Accuracy, and Wilcoxon Signed-Rank testing to assess whether
sentiment integration produces meaningful improvements. By comparing three Indonesian stocks with
different characteristics, this study provides empirical evidence on when sentiment integration helps
or fails to improve LSTM-based stock prediction.

3 Research Methods

3.1 Research Framework

This study adopts an experimental quantitative approach to evaluate the contribution of
sentiment information to stock price prediction performance. Experimental research is appropriate for
comparing alternative predictive models under controlled conditions because it enables systematic
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assessment of the influence of individual variables while maintaining consistent model configurations
[25].

The proposed framework consists of six stages: data collection, text preprocessing, sentiment
extraction, feature engineering, model development, and model evaluation. Three experimental
scenarios are constructed to enable direct comparison. The first scenario employs a baseline Long
Short-Term Memory (LSTM) model using only historical stock market variables. The second scenario
integrates sentiment features generated by FinBERT into the baseline model. The third scenario
incorporates sentiment features generated by IndoBERT into the same LSTM architecture.

To ensure a fair comparison, all experimental scenarios use identical network architecture
lookback windows, training procedures, optimization strategies, and evaluation metrics. Consequently,
the experimental design was intended to isolate the contribution of sentiment features while
minimizing differences arising from model architecture and training configuration [2], [3].

The experiment is conducted using three Indonesian stocks: Bank Central Asia (BBCA), Bank
Rakyat Indonesia (BBRI), and Bumi Serpong Damai (BSDE). These companies were selected because
they represent different industry sectors and volatility characteristics, allowing evaluation of whether
sentiment integration produces consistent effects across varying market conditions.

The overall research workflow is illustrated in Figure 1. The framework shows how historical
price data and financial news are processed through separate preprocessing stages, merged using a
Feature-level fusion strategy, and then evaluated under baseline, FinBERT-enhanced, and IndoBERT-
enhanced LSTM scenarios.

Data Collection (Prices &
News)

¥ b

FinBERT/IndoBERT Sentiment

Price Data Preprocessing Text Data Preprocessing Analysis

-

rL Feature-level Fusion J=

v

LSTM Model (Price Preﬂi{:li{]-n]J

_( Model Evaluation (RMSE,
"L MAE, MAPE, R2, DA)

Conclusion }:

Figure 1 Overall Research Framework for Sentiment-Enhanced LSTM Stock Price Prediction
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3.2 Data Collection and Dataset Description

The dataset consists of two primary sources: historical stock market data and financial news data.
Historical stock data were collected from January 2019 to December 2025 and include daily opening
price, highest price, lowest price, closing price, and trading volume. The closing price is used as the
prediction target because it represents the most widely adopted benchmark variable in stock forecasting
research [3], [26].

Financial news articles were collected from CNBC Indonesia using stock-specific keywords
related to BBCA, BBRI, and BSDE. For each target trading date, the retrieval procedure first searched
for a relevant article published on the same date. When no unique article was found, the search was
extended backward for up to nine preceding calendar days. The first relevant article that had not
previously been selected was retained, and its actual publication date was recorded separately from the
target trading date. Consequently, the number of retrieved records should not be interpreted as the
number of trading days on which a new article was necessarily published. Each news record contains
publication date, article title, and source information. News articles were subsequently aligned with
trading dates to enable sentiment extraction and integration into the forecasting model.

The use of financial news as an external information source is motivated by previous studies
demonstrating that investor sentiment significantly influences stock market behaviour and price
movements [7], [27]. The main characteristics of the financial news dataset are presented in Table 1,
providing an overview of the dataset size, source distribution, and labeling structure.

Table 1 Financial News Dataset Summary

. . . Target Dates
. Target Trading Retrieved Unique Without a
Stock Source Period Dates Articles Retrieved Article
BBCA CNBC Indonesia 2019-2025 1,706 1,706 0
BBRI CNBC Indonesia 20192025 1,706 1,706 0
BSDE CNBC Indonesia 2019-2025 1,705 555 1,150

Note: A retrieved article may have been published on the target trading date or within the
preceding nine calendar days. Therefore, “Retrieved Unique Articles” does not necessarily
represent same-day news coverage.

3.3 Text Data Processing

Before sentiment analysis, the collected news data underwent several preprocessing procedures
to improve consistency and reduce noise. These procedures included duplicate removal, missing-value
handling, date normalization, and alignment of publication dates with corresponding trading days.
Articles that could not be associated with the target company were excluded from the analysis.

Unlike traditional machine learning approaches that rely heavily on stemming and handcrafted
linguistic features, transformer-based language models utilize contextual tokenization mechanisms
capable of preserving semantic information within the original text [28]. Therefore, the textual content
was processed directly using the tokenizer associated with each pre-trained language model. This
preprocessing strategy preserves contextual relationships among words and enables the transformer
architecture to generate contextual representations that better capture sentiment information in
financial texts [28], [29].
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3.4 Sentiment Feature Extraction and Aggregation

Sentiment extraction was performed using two transformer-based language models: FinBERT
and IndoBERT. Because the original CNBC Indonesia articles were written in Indonesian, the texts
used in the FinBERT pipeline were first translated into English using an automated translation
procedure. Long articles were divided into segments of up to approximately 4,500 characters during
translation and subsequently recombined before tokenization. The translated text was then processed
using the yiyanghkust/finbert-tone tokenizer and classification model, with truncation applied at a
maximum sequence length of 512 tokens. In contrast, the Indonesian texts were processed directly,
without translation, using the taufiqdp/indonesian-sentiment Indonesian BERT-based sentiment
classification model with a maximum sequence length of 256 tokens. This design enables comparison
between a financial domain-specific representation applied to translated English text and an Indonesian
language-specific representation applied directly to the source text.

FinBERT is a domain-specific language model trained on financial corpora and specifically
designed for financial sentiment classification tasks [10], [12]. Because FinBERT was developed using
financial documents and financial terminology, it is expected to capture sentiment patterns relevant to
investment decisions more effectively than general-purpose language models. IndoBERT is a pre-
trained Indonesian language model designed to capture contextual and semantic characteristics unique
to Indonesian texts [14]. Recent evaluations also demonstrate that IndoBERT-based architectures
perform competitively across various Indonesian natural language processing tasks, including
sentiment classification [16].

Each news article was processed independently to obtain sentiment polarity predictions. For each
article, the model logits were transformed into class probabilities using the softmax function. A
continuous sentiment score was then calculated as P(positive) — P(negative), producing a value that
approaches +1 for strongly positive texts and —1 for strongly negative texts, while values near zero
indicate neutral or weakly polarized content. The resulting scores were stored as Sentiment Fin and
Sentiment Indo for the FinBERT and Indonesian-language pipelines, respectively. For descriptive
sentiment labels, the class with the highest probability was selected only when its confidence was at
least 0.60; otherwise, the article was labeled neutral. The continuous probability-difference score,
rather than the categorical label, was used as the numerical input feature for the LSTM model.

Because stock prediction is performed at the daily level, article-level sentiment scores were
aggregated into daily sentiment indicators. When multiple articles were published on the same trading
day, sentiment scores were averaged to represent the overall sentiment environment available to
investors. For trading days without relevant news coverage, a neutral sentiment value of zero was
assigned. This strategy preserves temporal continuity and avoids introducing missing observations into
the time-series dataset.

The use of two sentiment models enables direct comparison between a financial domain- specific
language model and a language-specific Indonesian language model, thereby providing empirical
evidence regarding the most suitable sentiment representation for Indonesian stock prediction. The
sentiment-label distribution presented in Table 2 indicates whether the dataset is balanced across
positive, negative, and neutral classes.
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Table 2 Distribution of Sentiment Labels

Stock Model Positive Neutral Negative
BBCA FinBERT 95 489 1,122
BBCA IndoBERT 461 1,012 233
BBRI FinBERT 45 630 1,031
BBRI IndoBERT 828 770 108
BSDE FinBERT 25 199 331
BSDE IndoBERT 149 365 41

3.5 Feature Engineering

Feature engineering was conducted separately for each experimental scenario. The baseline
model used five historical market variables: opening price, highest price, lowest price, closing price,
and trading volume. In the FinBERT-enhanced scenario, the Sentiment Fin variable was added to the
baseline feature set. Similarly, the IndoBERT-enhanced scenario incorporated Sentiment Indo as an
additional feature. All numerical variables were normalized using Min-Max scaling to transform
values into a comparable numerical range. Feature scaling is commonly employed in deep learning
applications because it improves numerical stability and accelerates convergence during optimization
[29], [30].

Subsequently, a sliding-window mechanism with a lookback period of 20 trading days was
applied to transform the sequential data into supervised learning samples. Each input sequence
contains observations from the previous twenty trading days, while the target corresponds to the
closing price of the subsequent trading day. Sliding-window sequence generation is widely used in
recurrent neural network forecasting models because it allows the network to learn temporal
dependencies from historical observations [3], [31]. The dataset was divided chronologically into
training and testing subsets using an 80:20 ratio. Random shuffling was intentionally avoided because
temporal ordering must be preserved when modelling financial time-series data.

3.6 LSTM Model Development

The prediction model employed in this study is a stacked Long Short-Term Memory (LSTM)
neural network. LSTM was selected because it was specifically developed to address the vanishing-
gradient problem commonly encountered in conventional recurrent neural networks while maintaining
the ability to learn long-term temporal dependencies [31]. These characteristics make LSTM
particularly suitable for modelling sequential financial data that exhibit complex temporal
relationships.

Previous studies consistently report that LSTM-based architectures achieve strong performance
in stock market forecasting because they can capture nonlinear patterns and long-range dependencies
within financial time-series data [2, 3, 26]. The proposed architecture consists of two stacked LSTM
layers containing 64 and 32 hidden units, respectively. A dropout rate of 0.3 was applied after each
LSTM layer to reduce overfitting. The output layer consists of a single neuron with linear activation
representing the predicted closing price.

Model training was performed using the Adam optimizer and Mean Squared Error (MSE) as the
loss function. The maximum number of training epochs was set to 100, with a batch size of 32.
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EarlyStopping and ReduceLROnPlateau callbacks were employed to improve model generalization
and stabilize convergence during training [29], [30]. As shown in Table 3, the LSTM model was
configured using the selected architectural and training parameters applied in the experiment.

Table 3 LSTM Model Configuration

Parameter Value

Model type Stacked LSTM
Input features baseline Open, High, Low, Close, Volume
Input features FinBERT scenario ~ Open, High, Low, Close, Volume, Sentiment_Fin

Input features IndoBERT scenario  Open, High, Low, Close, Volume, Sentiment Indo

Lookback window 20 trading days
Train-test split 80:20 chronological split
First LSTM layer 64 units

Second LSTM layer 32 units

Dropout rate 0.3

Output layer Dense (1 neuron)
Activation output Linear

Optimizer Adam

Loss function MSE

Maximum epochs 100

Batch size 32

Regularization EarlyStopping, ReduceLROnPlateau

3.7 Model Evaluation

Model performance was evaluated using five complementary metrics: Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), coefficient of
determination (R?), and Directional Accuracy. RMSE and MAE quantify prediction error magnitude,
while MAPE expresses prediction error as a percentage relative to actual values. R? evaluates the
proportion of variance explained by the prediction model. These metrics are widely adopted in stock
forecasting research because they provide a comprehensive evaluation of regression performance [2],
[3].

In addition to numerical prediction accuracy, Directional Accuracy was used to evaluate the
ability of the model to correctly predict upward and downward price movements. This metric is
particularly relevant in investment decision-making because market participants frequently prioritize
prediction direction over exact price values [32]. The combination of multiple evaluation metrics
enables assessment of sentiment integration from both statistical and practical perspectives, thereby
providing a more comprehensive understanding of its contribution to stock prediction performance.

3.8 Statistical Significance Testing

The evaluation metrics presented in this study provide information regarding predictive
accuracy; however, differences in metric values alone do not necessarily indicate statistically
meaningful performance improvements. Therefore, statistical significance testing was conducted to
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determine whether the observed differences between the baseline LSTM model and sentiment-
enhanced models were statistically significant.

This study employs the Wilcoxon Signed-Rank Test, a non-parametric statistical procedure
commonly used to compare paired predictive models without requiring assumptions of normality [33].
The test evaluates whether the prediction errors generated by two competing models originate from
the same distribution.

For each stock, absolute prediction errors generated by the baseline LSTM model were compared
against those produced by the FinBERT-enhanced and IndoBERT-enhanced models. The null
hypothesis states that there is no statistically significant difference between the prediction errors of the
compared models. A significance level of a = 0.05 was adopted. Therefore, p-values lower than 0.05
indicate statistically significant differences, whereas p-values greater than or equal to 0.05 indicate
that observed performance differences may be attributed to random variation.

The inclusion of statistical significance testing provides additional evidence regarding whether
sentiment integration contributes meaningful predictive improvements beyond conventional
evaluation metrics such as RMSE, MAE, MAPE, R?, and Directional Accuracy. The Wilcoxon Signed-
Rank Test was selected because it does not require normality assumptions and is widely applied in
machine learning performance comparison studies. Although forecast-specific procedures such as the
Diebold-Mariano test are also available, Wilcoxon testing provides a robust and computationally
efficient framework for assessing predictive performance differences in this study.

4 Results and Discussion

4.1 Overall Prediction Performance

Three prediction scenarios were evaluated in this study: the baseline LSTM model, FinBERT-
enhanced LSTM, and IndoBERT-enhanced LSTM. The experiments were conducted on three
Indonesian stocks, namely BBCA, BBRI, and BSDE. The results demonstrate that sentiment
integration does not produce uniform improvements across all stocks. Instead, the impact of sentiment
information appears to be stock-dependent and varies according to the sentiment model employed.

For BBCA, both sentiment-enhanced models produced higher prediction errors than the baseline
model. The baseline LSTM achieved the lowest average prediction error (184.19), while FinBERT
and IndoBERT generated average errors of 192.19 and 195.02, respectively. This finding suggests that
sentiment information did not provide additional predictive value for BBCA during the observation
period.

In contrast, the BBRI dataset showed positive effects from FiInBERT integration. The average
prediction error decreased from 118.86 in the baseline model to 112.97 after incorporating FinBERT
sentiment features. However, IndoBERT produced a higher average error of 123.60, indicating that
language-specific sentiment representations were less effective than financial-domain sentiment
representations for this stock. For BSDE, FinBERT produced results similar to the baseline model,
while IndoBERT achieved the lowest average prediction error (24.61), outperforming both the baseline
model (25.92) and FinBERT (26.11). This result indicates that language-specific sentiment
information may be more beneficial for stocks that receive relatively limited financial news coverage.
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Figure 4 Actual and predicted closing prices for BSDE
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Overall, the results indicate that sentiment integration can improve prediction accuracy under
specific conditions, but the effectiveness of sentiment features depends on both stock characteristics
and the sentiment extraction model. To provide a clearer visual comparison of forecasting behavior,
Figures 2-4 present the actual closing prices and predicted values generated by the baseline, FinBERT-
enhanced, and IndoBERT-enhanced models for each stock in the testing period. These figures illustrate
that the major price trends, but the predictions are smoother than the actual series and tend to lag during
sharp upward or downward movements.

4.2 Directional Accuracy Analysis

In addition to numerical prediction accuracy, this study evaluated the ability of the models to
correctly predict price movement direction through Directional Accuracy (DA). The results show that
Directional Accuracy remained close to the random-walk benchmark of 50% for most experimental
scenarios. For BBCA, Directional Accuracy ranged between 47.48% and 48.37%. Similarly, BBRI
achieved values between 50.15% and 50.74%. These results indicate that although the models were
capable of approximating future prices, they were less effective in consistently predicting whether
prices would increase or decrease on the following trading day. To further evaluate whether the
observed Directional Accuracy values differed significantly from random guessing, a binomial test
was performed using 50% as the benchmark probability. The resulting p-values for BBCA and BBRI
were greater than 0.05 across all model configurations, indicating that the observed Directional
Accuracy was statistically indistinguishable from random prediction.

For BSDE, Directional Accuracy values ranged from 40.18% to 43.15%, which are
substantially below the 50% benchmark. The corresponding binomial test results were statistically
significant (p < 0.05), suggesting that directional prediction performance was significantly different
from random guessing; however, the difference reflects poorer-than-random directional forecasting
performance. These findings support the reviewer's observation that improvements in numerical
forecasting metrics do not necessarily translate into improvements in directional forecasting capability.
Therefore, although sentiment-enhanced models may reduce prediction error in certain cases, they do
not consistently improve market direction prediction.

Table 4 Directional Accuracy and Binomial Test Results

Stock Model A]c)cl:;i::;n(aol) Binomial p-value
BBCA Baseline 48.37 0.586
BBCA FinBERT 47.48 0.383
BBCA IndoBERT 48.37 0.586

BBRI Baseline 50.74 0.828

BBRI FinBERT 50.74 0.828

BBRI IndoBERT 50.15 1.000
BSDE Baseline 41.67 0.0026
BSDE FinBERT 43.15 0.0140
BSDE IndoBERT 40.18 0.0004
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4.3 Error Distribution Analysis

To further examine the distribution and variability of daily prediction errors beyond average
error metrics, the distribution of absolute prediction errors was analyzed using boxplots. Figure 5
presents the absolute error distributions of the Baseline LSTM, FinBERT-enhanced LSTM, and
IndoBERT-enhanced LSTM models for BBCA, BBRI, and BSDE. Lower median values and narrower
interquartile ranges (IQR) indicate a more concentrated distribution of prediction errors, while a larger
spread and more outliers suggest greater variability in model performance.

Boxplot of Absolute Prediction Error by Model and Stock
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Figure 5 Distribution of absolute prediction errors across models and stocks

Figure 5 shows that the distribution of prediction errors varies across stocks and sentiment
configurations. For BBCA, the baseline LSTM exhibits the lowest median error and a slightly narrower
interquartile range compared with the sentiment-enhanced models, indicating a more concentrated
distribution of daily prediction errors. In contrast, FInBERT achieves the lowest median error for
BBRI, supporting the improvement observed in the MAE and RMSE results. For BSDE, IndoBERT
produces the lowest median error and the most compact error distribution among the evaluated models.
All models have outliers, but error distributions align with evaluation and Wilcoxon test results,
supporting that sentiment integration's effectiveness depends on the stock, not universally beneficial.

4.4 Best-Performing Model Analysis

To facilitate a comprehensive comparison, the best-performing model for each stock was
identified by considering the combined results of MAE, RMSE, MAPE, R?, Directional Accuracy, and
statistical significance testing. Rather than relying on a single evaluation metric, this approach provides
a more balanced assessment of overall model effectiveness. The results are summarized in Table 5.

Table 5 Best-Performing Model by Stock

Stock Best Model MAE RMSE R? DA (%) Statistical Result

BBCA Baseline LSTM 184.19 252.82 0.9000 48.37 Better than sentiment models
BBRI FinBERT + LSTM 11297 14343 0.8151 50.74 Significant improvement
BSDE IndoBERT +LSTM 24.61 34.80 0.9409 40.18 Significant improvement
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As shown in Table 5, no single model consistently outperformed the others across all stocks. The
baseline LSTM achieved the best overall performance for BBCA, FinBERT-enhanced LSTM
performed best for BBRI, and IndoBERT-enhanced LSTM achieved the highest performance for
BSDE. These findings further support the conclusion that the effectiveness of sentiment integration is
highly dependent on stock characteristics and the suitability of the sentiment representation model.

4.5 Statistical Significance Analysis

To determine whether the observed performance differences between models were statistically
meaningful, the Wilcoxon Signed-Rank Test was performed on the prediction errors generated by each
model. For BBCA, both FinBERT and IndoBERT produced statistically significant differences relative
to the baseline model (p <0.001). However, the average prediction errors of both sentiment-enhanced
models were higher than those of the baseline model. Therefore, the significant differences observed
for BBCA indicate performance degradation rather than improvement.

For BBRI, FinBERT significantly reduced prediction error compared with the baseline model
(p = 1.69 x 107°). This result suggests that financial-domain sentiment information contributed
meaningful predictive value for BBRI. In contrast, IndoBERT produced significantly larger errors than
the baseline model despite also yielding statistically significant differences.

For BSDE, FinBERT did not produce statistically significant changes relative to the baseline
model (p = 0.738), indicating that the observed performance differences could be attributed to random
variation. Conversely, IndoBERT significantly reduced prediction error (p = 0.00015), suggesting that
Indonesian-language sentiment information contributed positively to prediction performance .

These significance results should be interpreted together with the magnitude and direction of
the observed error differences. The Wilcoxon test evaluates whether paired daily absolute errors differ
systematically within the available prediction run, but statistical significance does not by itself imply
a large or economically meaningful improvement. For example, the MAE reductions observed for
BBRI and BSDE are modest relative to the corresponding price scales. Accordingly, the findings
support consistent within-run error differences rather than definitive evidence of practical gains.

The statistical analysis demonstrates that sentiment integration does not universally improve
stock price prediction performance. Instead, its effectiveness depends on the interaction between stock
characteristics, market conditions, and the sentiment representation model. The Wilcoxon Signed-
Rank Test results are summarized in Table 6.

Table 6 Wilcoxon Signed-Rank Test Results

Stock Comparison p-value  Significant Interpretation

BBCA Baseline vs FinBERT 6.88 x 10°° Yes FinBERT significantly worsened performance
BBCA Baseline vs IndoBERT 6.11 x 107" Yes IndoBERT significantly worsened performance
BBRI Baseline vs FinBERT 1.69 x 10°° Yes FinBERT significantly improved performance
BBRI Baseline vs IndoBERT 2.82 x 107 Yes IndoBERT significantly worsened performance
BSDE Baseline vs FinBERT 0.738 No No significant difference

BSDE Baseline vs IndoBERT  0.00015 Yes IndoBERT significantly improved performance
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4.6 Discussion

The findings suggest that the usefulness of sentiment information depends on the characteristics
of the underlying stock and the nature of the sentiment model. For BBRI, FinBERT produced lower
prediction errors than both the baseline model and IndoBERT in the reported experiment. Because
FinBERT was trained on financial corpora, it is capable of capturing finance-specific terminology and
contextual relationships that may not be adequately represented by general-language models [10], [12].
Consequently, financial-domain sentiment information appears to provide meaningful signals for
predicting price movements in highly visible banking stocks.

For BSDE, however, IndoBERT achieved the best overall performance. One possible
explanation is that the Indonesian-language representation captured information that was not equally
represented by the FinBERT pipeline. However, this interpretation remains tentative because the study
did not directly quantify linguistic characteristics, financial terminology density, or translation-related
semantic shifts in the articles. Accordingly, the observed improvement cannot be attributed exclusively
to language specificity and may also be influenced by news sparsity, translation effects, model
calibration, and zero imputation.

The interpretation of the BSDE result should nevertheless consider the substantially lower
density of retrieved news. Only 555 unique article records were available for 1,705 target trading dates,
whereas the remaining dates received a neutral value of zero. This sparse coverage creates a potential
confounding factor because the apparent benefit of IndoBERT may reflect not only Indonesian
linguistic representation, but also the interaction between infrequent sentiment signals, zero
imputation, and the temporal dynamics of BSDE. Therefore, the present results do not establish that
language specificity alone caused IndoBERT’s improvement. Future research should conduct a
sensitivity analysis restricted to dates with retrieved news and compare alternative approaches for
representing dates without relevant articles.

A further limitation concerns daily sentiment aggregation. When several articles shared the same
publication date, their continuous sentiment scores were averaged into a single daily value. Although
this procedure provides a consistent daily feature, it can attenuate strong article-level signals; for
example, an intensely negative article may be offset by a mildly positive article published on the same
date. The model also did not include the number of articles per day as a separate feature. Future studies
may examine weighted aggregation based on confidence, relevance, recency, or article volume.

The results also reveal an important limitation of sentiment-enhanced stock prediction. Although
sentiment information occasionally improves numerical forecasting accuracy, it does not consistently
improve directional forecasting performance. Directional Accuracy values remained close to the
random-walk benchmark for BBCA and BBRI and below 50% for BSDE. This finding indicates that
predicting exact price values and predicting market direction are distinct challenges that may require
different modelling strategies.

Overall, the study demonstrates that sentiment integration can provide statistically significant
improvements under specific circumstances. However, the results do not support the assumption that
sentiment-enhanced models universally outperform traditional LSTM models. Instead, the
effectiveness of sentiment integration appears to be conditional upon stock-specific characteristics and
the suitability of the sentiment extraction model.

213



H., Santosa and Kusrini. Jurnal Masyarakat Informatika, 17(2), 2026

The testing period also includes a pronounced downward market movement from late 2024 to
early 2025, which may reflect broader market uncertainty and macro-political transition effects in
Indonesia. During such periods, stock prices may be influenced by factors beyond firm-specific news
sentiment, including policy expectations, investor risk perception, and market-wide capital flows. This
condition may partly explain why sentiment-enhanced models were unable to consistently improve
directional prediction, despite showing lower numerical errors for certain stocks.

The model-level stability of these findings is also limited by the stochastic nature of LSTM
training. Each stock—model configuration was trained once without a controlled and repeatedly
evaluated random-seed protocol. Therefore, the Wilcoxon Signed-Rank results characterize paired
daily error differences within the reported runs, but they do not quantify variability arising from
random weight initialization, dropout, or optimization order. Future experiments should repeat each
configuration across multiple fixed seeds and report the mean and standard deviation of all evaluation
metrics.

5 Conclusion

This study conducted a comparative evaluation of sentiment-enhanced LSTM models for stock
price prediction by integrating sentiment features derived from FinBERT and IndoBERT. Experiments
were performed on three Indonesian stocks, namely BBCA, BBRI, and BSDE, using daily historical
stock price data and sentiment information extracted from financial news. Model performance was
assessed using multiple evaluation metrics, including RMSE, MAE, MAPE, R?, Directional Accuracy,
and statistical significance testing.

The experimental results indicate that incorporating sentiment features does not consistently
improve numerical prediction accuracy compared with the baseline LSTM model that relies solely on
historical market data. The effect of sentiment integration is stock-specific. For BBCA, the baseline
LSTM produced better performance than both sentiment-enhanced models, indicating that sentiment
features did not provide additional predictive value for this highly liquid banking stock. For BBRI, the
FinBERT-enhanced model achieved lower prediction error than the baseline, and the Wilcoxon
Signed-Rank Test confirmed that this difference was statistically significant. In contrast, IndoBERT
did not improve BBRI prediction performance. For BSDE, the IndoBERT-enhanced model produced
the lowest prediction error and showed statistically significant improvement over the baseline, while
FinBERT did not provide a significant improvement.

The Directional Accuracy analysis further shows that sentiment integration did not consistently

improve the ability of the models to predict upward or downward price movements. For BBCA and

BBRI, Directional Accuracy remained close to the 50% random-walk benchmark, while for BSDE it
was below 50%. These findings suggest that reducing numerical prediction error does not necessarily
translate into better directional forecasting performance. Therefore, sentiment-enhanced LSTM
models should not be assumed to provide universal benefits in practical stock movement prediction.

The comparative analysis demonstrates that neither FInBERT nor IndoBERT consistently
outperforms the other across all stocks and evaluation metrics. FinBERT appears more useful when
financial-domain sentiment provides relevant predictive signals, as observed in BBRI. Meanwhile,
IndoBERT appears more effective in cases where Indonesian-language contextual sentiment is more
informative, as observed in BSDE. These results indicate that the effectiveness of sentiment models is
influenced by stock characteristics, linguistic context, news coverage, and market conditions.
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This study contributes empirical evidence that sentiment integration in stock price prediction
should be applied selectively rather than treated as a universally superior approach. As limitations, this
study examined only three Indonesian stocks and relied solely on news-based sentiment features from
publicly available financial news. Future research may extend this work by incorporating additional
stocks, longer observation periods, social media sentiment, macroeconomic indicators, and more
advanced forecasting architectures such as attention-based LSTM, GRU, or transformer-based time-
series models. Further studies may also apply additional forecast comparison tests, such as the
Diebold-Mariano test, to strengthen the evaluation of predictive performance differences.
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