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Accurate stock price forecasting remains challenging due to the nonlinear, noisy, and
heterogeneous nature of financial time-series data. This study proposes an explainable
multimodal forecasting framework that integrates Long Short-Term Memory (LSTM) and
Extreme Gradient Boosting (XGBoost) for next-day stock price prediction. The proposed
framework combines historical market prices, technical indicators, daily sentiment
information, and company fundamental variables to capture different aspects of market
dynamics. The model was evaluated using three companies listed in the Indonesian LQ45
index, representing mining, banking, and telecommunications sectors. A time-based
evaluation strategy was adopted, and the proposed framework was compared with
standalone LSTM and XGBoost models using Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), coefficient of determination (R?), and Directional Accuracy (DA).
Experimental results show that model performance varies across stocks, with XGBoost
providing strong and stable performance, while the hybrid model achieved competitive
results for selected cases. Ablation analysis indicates that price and technical variables
remain the dominant predictors for short-term forecasting, whereas sentiment information
contributes mainly to directional prediction. SHapley Additive exPlanations (SHAP)
analysis further identifies the influence of individual features on model outputs and provides
interpretable insights into prediction behavior. The findings demonstrate that hybrid
multimodal learning can provide an interpretable approach for short-term stock price
forecasting in emerging markets, while its effectiveness remains dependent on stock
characteristics and feature composition.

1. INTRODUCTION

based methods can achieve competitive forecasting
performance by learning complex relationships from historical

Stock price forecasting is an important research problem in
financial modelling because it supports investment analysis,
portfolio management, risk assessment, and decision-making
in capital markets. Nevertheless, reliable forecasting remains
difficult because financial time series are nonlinear, non-
stationary, noisy, and sensitive to rapidly changing
information. Stock price movements are influenced not only
by historical trading patterns but also by market sentiment,
company fundamentals, volatility, and sector-specific
conditions. These characteristics require forecasting models
that can represent heterogeneous information and capture
complex nonlinear relationships among variables.

Financial forecasting has been examined using
mathematical, statistical, machine learning, and deep learning
approaches. Deep learning surveys and decomposition-based
hybrid methods have been used to address the nonlinear and
non-stationary characteristics of financial time series [1, 2].
More recent studies have shown that artificial intelligence-
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market data [3-5]. However, model effectiveness varies
according to the structure of the dataset, the forecasting
horizon, and the characteristics of the predicted asset.

Long Short-Term Memory (LSTM) networks are widely
used in financial time-series forecasting because their
recurrent structure enables them to learn temporal
dependencies from sequential observations. LSTM-based
models and their optimized variants have been applied to stock
and cryptocurrency forecasting with promising results [6-9].
However, their performance is sensitive to sequence length,
model configuration, data volume, and market noise.
Comparative studies have also shown that LSTM does not
consistently outperform conventional machine learning
models, particularly when the prediction task relies heavily on
engineered tabular features [10]. Consequently, the superiority
of LSTM should be established empirically rather than
assumed for every financial forecasting problem.

Extreme Gradient Boosting (XGBoost) provides an
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alternative approach for structured financial data. It can model
nonlinear relationships and feature interactions while
controlling model complexity through regularization. In short-
term stock forecasting, XGBoost is particularly suitable for
technical indicators, lagged prices, rolling statistics, sentiment
measures, and fundamental ratios. Previous comparisons have
demonstrated that XGBoost can produce stable and
competitive results relative to LSTM in short-term financial
prediction [11, 12]. However, XGBoost does not inherently
learn sequential dependencies. Temporal information must
instead be represented explicitly through lag features, rolling
indicators, or other forms of feature engineering.

The complementary characteristics of LSTM and XGBoost
motivate their integration within a hybrid architecture. LSTM
can learn temporal representations from sequential market
observations, whereas XGBoost can model nonlinear
interactions among engineered tabular features. Hybrid and
ensemble methods have been increasingly applied in financial
forecasting because they can combine different modelling
capabilities and improve robustness under complex data
conditions [13-15]. Nevertheless, increased architectural
complexity does not automatically improve predictive
performance. A hybrid model should therefore be evaluated
against strong standalone baselines and tested across assets
with different market characteristics.

Data representation is another important consideration in
stock price forecasting. Many existing models rely primarily
on historical prices and technical indicators, although stock
prices may also respond to public sentiment and company-
specific financial information. Multi-source heterogeneous
data can provide a broader representation of market behavior
by combining price-based information with external signals
[11]. Sentiment derived from social media and other textual
sources has also been used as an additional predictor of stock
movements [16, 17]. However, the contribution of sentiment
and fundamental information may vary across stocks and
prediction horizons. Their usefulness should therefore be
evaluated empirically rather than presumed.

Model interpretability is equally important in financial
applications. Machine learning and deep learning models are
often regarded as black boxes because their predictions are not
accompanied by clear explanations of feature influence. This
limitation is important when model outputs are used to support
investment or risk-related decisions. Explainable artificial
intelligence (XAI) methods, including Local Interpretable
Model-Agnostic  Explanations and SHapley Additive
exPlanations (SHAP), have been developed to improve the
transparency of predictive models [18, 19]. SHAP is
particularly relevant because it provides consistent global and
local explanations based on Shapley values. Its application in
financial prediction enables researchers to identify the
variables that influence overall model behavior and individual
predictions [20].

Despite these developments, four research gaps remain.
First, many studies evaluate LSTM and XGBoost separately,
while fewer studies integrate their complementary capabilities
through a stacking architecture for next-day stock price
forecasting. Second, studies that simultaneously combine
price, technical, sentiment, and fundamental features remain
limited, particularly in the Indonesian stock market. Third,
many empirical studies evaluate only one stock, index, or
asset, which restricts the assessment of model consistency
across different sectors. Fourth, forecasting accuracy is often
emphasized without a systematic examination of feature-
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group contributions and model interpretability.

To address these gaps, this study develops an explainable
hybrid LSTM-XGBoost framework for multimodal next-day
stock price forecasting. The framework integrates historical
prices, technical indicators, daily sentiment features, and
company fundamental indicators. It is evaluated on three
stocks included in the Indonesian LQ45 index: PT Ancka
Tambang Tbk (ANTM), PT Bank Central Asia Tbk (BBCA),
and PT Telkom Indonesia Tbk (TLKM). These stocks
represent the mining, banking, and telecommunications
sectors, respectively. The prediction target is the next-day
closing price, denoted as Close(#+1).

The main contributions of this study are fourfold. First, it
develops a stacking-based hybrid LSTM-XGBoost
architecture that combines temporal learning with nonlinear
tabular regression. Second, it evaluates the framework using
multimodal features derived from market prices, technical
indicators, daily sentiment, and company fundamentals. Third,
it compares the proposed model with standalone LSTM and
XGBoost baselines across three stocks from different sectors.
Fourth, it incorporates an ablation study and SHAP analysis to
examine feature-group contributions and provide global and
local explanations of model predictions.

2. RELATED WORKS

Stock price forecasting has been investigated using
statistical methods, machine learning, deep learning, hybrid
forecasting, multimodal data integration, and XAI. These
research streams differ in the type of information they process
and, in the mechanisms, used to represent temporal, nonlinear,
and external market influences. This section reviews the
literature most closely related to the present study, including
financial time-series forecasting, LSTM-based prediction,
XGBoost-based prediction, hybrid and ensemble models,
multimodal stock forecasting, and XAl.

2.1 Financial time-series and stock price forecasting

Financial time-series forecasting aims to estimate future
market behavior using historical observations and relevant
explanatory variables. Unlike many conventional prediction
problems, financial forecasting is complicated by nonlinearity,
non-stationarity, volatility clustering, noise, and uncertainty.
These properties limit the effectiveness of models that assume
stable statistical relationships over time.

Comprehensive reviews show that deep learning models
have been widely applied to financial time-series forecasting
because they can represent nonlinear and dynamic market
behavior. Sezer et al. [1] reviewed deep learning applications
in financial time-series forecasting and showed that different
architectures are used for price, trend, and volatility prediction.
Other studies have combined signal decomposition, statistical
forecasting, and artificial intelligence to address the complex
structure of financial data. Lu et al. [2], for example, proposed
an attention-based EMD-LSTM model in which empirical
mode decomposition was used before temporal learning. Such
an approach is intended to reduce signal complexity and
improve the representation of non-stationary patterns.

Artificial intelligence-based forecasting has become
increasingly prominent because machine learning and deep
learning models can learn nonlinear relationships directly from
market data. Xu et al. [3] proposed a hybrid artificial



intelligence model for stock price forecasting, while Xiao et
al. [4] examined hybrid modelling for REIT volatility
forecasting. Although these studies addressed different
financial targets, both demonstrated that combined modelling
strategies can be useful when a single model is insufficient to
represent complex market behavior.

Comparative evidence also suggests that model
performance is highly dependent on the dataset and prediction
setting. Notaria et al. [21] compared several time-series
models for stock price prediction and showed that no model
consistently dominates across all conditions. Therefore,
financial forecasting models should be evaluated empirically
under the specific characteristics of the asset, feature structure,
and prediction horizon.

2.2 Long Short-Term Memory-based stock prediction

LSTM networks are widely used in stock and financial
forecasting because they are designed to capture temporal
dependencies in sequential data. Their memory-cell
architecture allows information from previous observations to
influence current predictions, making LSTM suitable for
ordered financial series.

Nelson et al. [6] applied LSTM neural networks to stock-
market price-movement prediction, demonstrating the
relevance of recurrent architectures for financial sequence
modelling. Yuliyono and Girsang [7] applied an artificial bee
colony-optimized LSTM model to Bitcoin price prediction
and showed that metaheuristic optimization can improve
recurrent-model configuration. Giilmez [8] also developed an
optimized deep LSTM architecture using the Artificial Rabbits
Optimization algorithm and reported improved stock price
prediction performance. These studies indicate that LSTM
performance can be enhanced through parameter optimization
and architectural refinement.

Despite these advantages, LSTM is sensitive to sequence
length, model architecture, training data size, feature scaling,
and market noise. Its performance may decline when the
available information is dominated by engineered tabular
variables rather than pure sequential patterns. Kumar et al. [9]
compared LSTM and XGBoost for short-term Bitcoin price
prediction and showed that tree-based models can remain
competitive in short-horizon forecasting. Hossain and Kaur
[22] similarly compared XGBoost and LSTM for stock market
prediction and found that relative performance depends on the
structure of the data and the experimental design.

These findings indicate that LSTM should not be assumed
to provide the best performance in every financial forecasting
task. Its effectiveness must be assessed in relation to the
temporal structure of the data, the prediction horizon, and the
characteristics of the input features.

2.3 Extreme Gradient Boosting-based stock prediction

XGBoost is a tree-based ensemble algorithm designed for
structured and tabular prediction problems. It is effective in
capturing nonlinear relationships, modelling feature
interactions, handling heterogeneous variables, and
controlling overfitting through regularization.

In stock price prediction, XGBoost is particularly suitable
for engineered financial features, including moving averages,
volatility measures, technical indicators, lagged prices,
sentiment scores, and financial ratios. Hossain and Kaur [22]
demonstrated that XGBoost can provide competitive

3045

performance relative to LSTM in stock market prediction.
Kumar et al. [9] also found that XGBoost remained effective
for short-term cryptocurrency price forecasting.

The strength of XGBoost lies in its ability to learn complex
relationships from tabular features without requiring a
sequential input structure. However, this advantage is
accompanied by an important limitation. XGBoost does not
inherently model temporal dependencies in the same manner
as recurrent neural networks. Temporal information must be
explicitly represented through lag features, rolling statistics,
trend indicators, or other forms of feature engineering.

This limitation motivates the integration of XGBoost with
sequence-based learning. A hybrid architecture can use LSTM
to capture temporal patterns and XGBoost to model nonlinear
relationships among engineered multimodal features.

2.4 Hybrid and ensemble models for financial forecasting

Hybrid and ensemble models have been increasingly used
in financial forecasting because they combine the capabilities
of multiple algorithms. The central assumption is that different
models may capture different aspects of market behavior, and
that their integration can improve robustness or predictive
accuracy.

Hossain and Kaur [22] compared XGBoost and LSTM for
stock-market prediction and showed that model performance
can vary according to the experimental setting. Lv [13]
developed a hybrid transfer-learning framework for stock
index forecasting, demonstrating the potential of knowledge
transfer and model integration in financial prediction.
Aravindhan and Manikavelan [15] proposed a decomposition-
based Transformer-LSTM framework for stock index
forecasting, illustrating how decomposition and deep
sequence modelling can be combined to represent complex
temporal patterns.

Liu et al. [23] developed an ensemble stock price prediction
model using multi-source heterogeneous data, an LSTM
attention mechanism, and a multidimensional grey model.
Their study is particularly relevant because it integrates
heterogeneous financial information and multiple modelling
mechanisms within one forecasting framework.

Hybrid approaches have also been applied in other
forecasting domains. Baimel et al. [5] used SHAP-based error
compensation in electricity price forecasting and demonstrated
that explainability can be integrated with predictive correction
mechanisms. Although the application domain differs, the
study reinforces the broader relevance of hybrid and
explainable forecasting architectures.

Nevertheless, hybridization does not automatically
guarantee better performance. Its effectiveness depends on the
compatibility of the component models, the alignment of their
outputs, the amount and quality of the data, and the
characteristics of the prediction task. Therefore, hybrid models
must be evaluated against strong standalone baselines rather
than assumed to be superior because of their greater
complexity.

2.5 Multimodal data in stock price prediction

Stock price movement is influenced by multiple types of
information. Historical prices and technical indicators reflect
recent market behavior, sentiment represents investor or
public perception, and fundamental indicators represent the
financial condition of the company. Integrating these data



sources can provide a broader representation of market
dynamics.

Liu et al. [14] showed that multi-source heterogeneous data
can improve stock price prediction by combining information
that captures different dimensions of market behavior.
Gandhudi et al. [16] examined the influence of tweets on stock
price prediction using an explainable hybrid quantum neural
network and demonstrated that textual sentiment can provide
additional predictive information. Arif et al. [17] also
combined historical stock data and social media sentiment
from X to predict digital bank stock prices, providing evidence
that sentiment can be incorporated into stock forecasting in the
Indonesian context.

However, the contribution of each data modality is not
necessarily uniform. Price and technical indicators are directly
linked to short-term market movement, while sentiment may
be more useful for identifying directional changes or
temporary shifts in investor expectations. Fundamental
variables are reported at lower frequencies and may have
stronger relevance for medium- or long-term valuation than
for next-day price movement.

For this reason, multimodal features should not be assumed
to improve forecasting performance automatically. Their
contribution should be evaluated using controlled
comparisons, such as an ablation study that measures the
incremental value of sentiment and fundamental information
beyond price-based features.
in financial

2.6 Explainable artificial

prediction

intelligence

Interpretability is an important requirement in financial
prediction because model outputs may influence investment,
portfolio, and risk-related decisions. Although black-box
models can achieve high predictive performance, their use is
limited when users cannot determine which variables drive the
predictions.

Ribeiro et al. [18] introduced Local Interpretable Model-
Agnostic Explanations as a method for explaining individual
predictions from complex classifiers. The method
approximates local model behavior using interpretable
representations. Lundberg and Lee [19] later introduced
SHAP, a unified framework based on cooperative game
theory. SHAP assigns an importance value to each feature by
estimating its contribution to the model output.

SHAP is widely used because it supports both global and
local interpretation. Global explanations identify the variables
that most strongly influence predictions across a dataset, while
local explanations show how individual feature values
increase or decrease a specific prediction. This dual capability
is particularly valuable in financial forecasting, where both
overall model behavior and case-specific reasoning may be
required.

Muhammad et al. [20] applied an explainable deep learning
approach to stock market trend prediction and demonstrated
the relevance of model transparency in financial applications.
Gandhudi et al. [16] also incorporated explainability into a
tweet-based stock prediction framework. These studies
indicate that explainability can complement predictive
performance by showing whether a model relies on financially
meaningful signals.

In the present study, SHAP is applied to the XGBoost-based
component of the forecasting framework. This choice is
appropriate because TreeSHAP provides an efficient and
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theoretically consistent explanation method for tree-based
models.

2.7 Research gap

The reviewed literature shows substantial progress in
financial time-series forecasting, deep learning, gradient
boosting, hybrid modelling, multimodal data integration, and
XALI Nevertheless, several gaps remain.

First, many studies compare LSTM and XGBoost as
separate models, whereas fewer studies integrate their
complementary capabilities through a stacking architecture for
next-day stock price forecasting. Second, multimodal stock
forecasting studies that simultaneously combine historical
prices, technical indicators, sentiment features, and company
fundamentals remain limited, particularly in the Indonesian
stock market. Third, many studies focus on a single stock,
index, or asset, which limits the evaluation of model
consistency across sectors with different market
characteristics. Fourth, additional data modalities are often
included without a controlled assessment of whether they
improve numerical accuracy or directional prediction. Fifth,
many forecasting studies emphasize performance metrics but
provide limited explanation of feature contributions.

To address these gaps, this study develops an explainable
hybrid LSTM—-XGBoost framework for multimodal next-day
stock price forecasting. The framework combines sequential
learning from LSTM with nonlinear tabular regression from
XGBoost. It is evaluated using three Indonesian LQ45 stocks
from the mining, banking, and telecommunications sectors.
The study also conducts an ablation analysis to evaluate the
contribution of price, sentiment, and fundamental features and
applies SHAP to provide global and local explanations of
model predictions.

3. METHODOLOGY

This study employed a quantitative experimental design to
develop and evaluate an explainable hybrid LSTM—-XGBoost
framework for multimodal stock price forecasting. The
methodology comprised data collection, preprocessing,
multimodal data integration, feature engineering, model
development, model training, performance evaluation,
ablation analysis, and SHAP-based explainability analysis.

The forecasting objective was to estimate the next-day
closing price, denoted as Close(#+1), using information
available up to trading day ¢ The overall experimental
workflow is presented in Figure 1.

3.1 Research objects and data sources
The empirical evaluation was conducted on three stocks

listed in the Indonesian LQ45 index: ANTM, BBCA, and
TLKM. These stocks were selected because they represent

three  distinct  sectors: mining,  banking, and
telecommunications. Table 1 summarizes the selected
companies, sectors, data types, main variables, and

observation periods.

Three categories of data were used in this study. The first
category consisted of historical stock-market data, including
open, high, low, close, and volume variables. The second
category consisted of daily sentiment indicators derived from
textual information. The third category consisted of company



fundamental indicators obtained from financial reports.
The prediction target was defined as the closing price on the

next trading day:

y; = Close(t + 1)

where, y; denotes the target predicted using the information
available at time t, and Close(#+1) denotes the closing price on
the following trading day.

(1

Data Collection

Historical Stock Price

Data (OHLCV) } ‘ Daily Sentiment Data ’ [ Fundamental Financial Data

Data Preprocessing

Handling missing values, outlier detection, normalization/standardization,
time alignment, feature scaling, and train-validation-test split

Multimodal Data Integration

\C

Align and merge heterogeneous data sources by date to construct
a unified multimodal dataset

—

Feature Engineering

Technical indicators, sentiment scores, fundamental ratios,
lag features, rolling statistics, and interaction features

©-0-0-0-0

Model Development

LSTM Baseline

XGBoost Baseline

Hybrid LSTM-XGBoost

S T

LSTM for sequential patterns +
XGBoost for tabular patterns
(stacked/ensemble)

Sequence modeling with LSTM

using engineered features engineered features

S

pm——————

i
I
]
i Gradient boosting on
|
I

SHAP Explainability

¥

e Evaluation [ MAE ] [ RMSE ] [ R? ] [ Directional Accuracy (DA)]
‘ r
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e ( Global Explanation ] ( Local Explanation ]
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Instance-level predictions explained
SHAP summary plots

using SHAP force plots

A

Figure 1. Overall research framework of the proposed study

Table 1. Research objects and data sources

SCtgtcll; Company Sector Data Types Main Variables Obls)zr;:(tlion
o T e Tt RO et T s
mea TTUCIS gy Peemen | OMOUwmsmabe s
o ST o TR OOV el 150

3.2 Data preprocessing and multimodal integration

Before model development, all datasets were preprocessed
to ensure temporal and structural consistency. Stock-price
records were sorted chronologically, converted into numerical
format, and checked for duplicate and missing observations.
Sentiment records were aggregated into daily indicators to
align them with the trading calendar. Fundamental data, which
were reported periodically, were aligned with the
corresponding reporting periods and mapped to daily
observations.

Because the three data modalities had different temporal
frequencies, a multimodal integration process was required.
Price and sentiment variables were treated as daily
observations, whereas fundamental variables were aligned
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according to their reporting availability and then associated
with the corresponding trading dates. This procedure produced
a daily integrated record containing market, technical,
sentiment, and fundamental information. The multimodal data
integration process is illustrated in Figure 2.

The observations were maintained in chronological order
throughout preprocessing and model development. All
predictive variables were constructed using information
available at or before time ¢. This constraint was applied to
prevent look-ahead bias and data leakage.

3.3 Feature engineering

Feature engineering transformed the raw observations into
predictive variables. The final feature set consisted of four



main groups: raw market features, technical indicators,
sentiment features, and fundamental features. Table 2
summarizes the feature groups and representative variables
used in the final modelling dataset.

Raw market features included open, high, low, close, and
volume. Technical indicators were generated from historical
price data to represent returns, trends, volatility, momentum,
and short-term temporal dependence. These variables included
log return, moving averages, rolling volatility, Relative
Strength Index (RSI), Moving Average Convergence
Divergence (MACD), MACD signal, and lagged closing
prices.

The logarithmic return was computed as:

Close(t)
fe=1 (Close(t - 1)) @

where, 1, denotes the log return at time ¢.
The moving average over a window of k trading days was
defined as:

k-1
1
MAy, = Ez Close(t — ) 3)

j=0

Rolling volatility was calculated as the standard deviation
of log returns over a specified window.

Sentiment features consisted of the total number of textual
observations, positive sentiment count, neutral sentiment
count, negative sentiment count, and mean sentiment score.
These variables represented daily public or market perception.

Fundamental features included revenue, net income, total
assets, total liabilities, total equity, earnings per share, return
on equity, return on assets, net profit margin, debt-to-equity
ratio, current ratio, asset turnover, and year-on-year growth
indicators.

Rows containing incomplete values resulting from rolling-
window calculations, lag construction, or target shifting were
removed before model training.

1) Stock Price Dataset

¢ Date
¢ Ticker

o Date Alignment

Align all datasets to a common
daily calendar

¢ Open, High, Low, Close,

4

Volume

2) Daily Sentiment Dataset

e Ticker Alignment

Harmonize ticker symbols
across datasets

¢ Date

1

e Ticker

* Sentiment Score

* Positivity, Negativity
¢ Volume of Mentions

e Missing Value Handling

Impute or forward-fill missing
values; remove invalid records

Final Modelling Dataset
(Unified Daily Dataset)

!

/ Each record = (Date, Ticker)
Includes:

3) Fundamental Dataset

» Date (e.g., Quarter/Year End)
* Ticker

.

0 Feature Integration
Merge aligned datasets by
(Date, Ticker) to create
unified features

¢ Price features

¢ Technical indicators

Sentiment features

* Financial Ratios

Jr

¢ Valuation Metrics
¢ Other Fundamentals

e Final Modelling Dataset

Unified daily dataset ready
for modelling

¢ Fundamental features

[
[
, B
[
[

NN D

h 4

* Target: Close(t+1)

Figure 2. Multimodal data integration process

Table 2. Feature groups and representative variables

Feature Group Variables Description
Price data open, high, low, close, volume Ra\y daily “.“"‘rket
information
Teghmcal log_return, ma_5, ma_10, ma_ 20, volatility 5, volatility 10, rsi_14, macd, macd_signal Trend, return, .VO]atlhty.’ and
indicators — - - — - - - - momentum information

Lag features

close lagl, close lag2, close lag3

Previous closing-price

information
entiment " . Daily aggregated sentiment
s total tweets, positive, neutral, negative, mean_score y gg g
features - - indicators
revenue, net_income, total assets, total liabilities, total equity, eps, roe, roa . "
Fundamental P ] — L ! _equity, eps, roe, 1oa, Company financial condition
net_margin, de_ratio, current_ratio, asset_turnover, yoy_revenue growth, .
features . and ratios
yoy net _income growth
Target Close(t+1) Next-day closing price
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3.4 Model development

Three forecasting models were developed and compared:
LSTM, XGBoost, and hybrid LSTM—XGBoost. LSTM served
as the temporal deep-learning baseline, XGBoost served as the
structured-data baseline, and the hybrid model combined
temporal representation with nonlinear tabular regression.

3.4.1 Long Short-Term Memory baseline model

The LSTM model was used to learn temporal relationships
from sequential observations. The input data were transformed
into fixed-length sequences using a 20-day rolling window.
The LSTM input gate was defined as:

i, =0(Wix, +Uh,_, + b;) 4
The forget gate was defined as:
fe = o(Wpx, + Ushy_y + bf) )
The candidate cell state was computed as:
¢; = tanh(W.x, + U hy—_q + b.) (6)
The cell state was updated as:
¢ =fOc1+i; O (7)
The output gate and hidden state were calculated as:
o, = o(W,x; + Uyh,_1 + b,) )

h: = o, © tanh(c;)

where, x; denotes the input vector at time t; h,_; denotes the

previous hidden state; c;_; denotes the previous cell state; i,
ft » and o, denote the input, forget, and output gates,
respectively; o denotes the sigmoid activation function; and
© denotes element-wise multiplication.

3.4.2 Extreme Gradient Boosting baseline model

XGBoost was used to model nonlinear relationships among
engineered tabular features. The model generates predictions
by combining multiple regression trees. The predicted output
at iteration K is expressed as:

K
9= fuGfi€F ©
k=1

where, f}, denotes the k-th regression tree and F denotes the
space of possible regression trees.
The XGBoost objective function was defined as:

LE) = zn: L,y + EK: 2(fe)
i=1 k=1

where, [(y;,7;) denotes the loss between the actual and
predicted values, and 2(f;) denotes the regularization term
used to control tree complexity and reduce overfitting.

(10)

3.4.3 Proposed hybrid Long Short-Term Memory-Extreme
Gradient Boosting model

The proposed hybrid model was constructed using a
stacking strategy. First, the LSTM model learned temporal
patterns from 20-day input sequences. The resulting LSTM
prediction was then appended to the engineered tabular feature
vector. XGBoost used the augmented feature vector to produce
the final forecast.

(4] (5]
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/ Technical | (IQR/ Z-score) . LSTM La
L ) : yer
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features Time al nm; ntﬁ ‘ LSTM Layer ||
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O
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Close(t+1)

Predicted next-day
closing price

Figure 3. Architecture of the proposed Hybrid Long Short-Term Memory (LSTM)-Extreme Gradient Boosting (XGBoost) model
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Table 3. Model configuration and experimental settings

Component

Configuration

Prediction target
Data splitting
Split proportion
LSTM sequence length
LSTM optimizer
LSTM loss function
LSTM epochs
LSTM batch size
XGBoost n_estimators
XGBoost max_depth
XGBoost learning_rate
XGBoost subsample
XGBoost colsample bytree
XGBoost objective
Random state
Explainability method

Close(t+ 1)
Time-based split
66% training, 13% validation, 21% testing
20 trading days
Adam
Mean Squared Error
100
32
300
6
0.05
0.8
0.8
reg:squarederror
42
SHAP applied to the XGBoost-based component

Note: LSTM = Long Short-Term Memory, XGBoost = Extreme Gradient Boosting, SHAP = SHapley Additive exPlanations.

Table 4. Experimental scenarios used in the ablation study

Scenario Feature Composition Evaluation Purpose

Model A Price and technical features Evaluate the predictive strength of historical market information
Model B Price, technical, and sentiment features Assess the incremental contribution of daily sentiment
Model C Price, technical, sentiment, and fundamental features Evaluate the complete multimodal framework

The hybrid input representation was formulated as:

— tabular
Zy = [xt ,

7™ (1D
where, xf2P%ar denotes the engineered multimodal tabular
features and P-S™ denotes the prediction generated by
LSTM.

The final hybrid prediction was expressed as:

(12)

~Hybrid
Ve Y = fxee(2)

where, fxgg denotes the XGBoost meta-learner and )A/tHyb”d
denotes the final next-day closing-price prediction.

The architecture shown in Figure 3 enabled the model to
combine temporal information learned by LSTM with
nonlinear interactions among price, technical, sentiment, and
fundamental variables. Table 3 summarizes the model

configuration and experimental settings.
3.5 Experimental scenarios and ablation study

An ablation study was conducted to evaluate the
incremental contribution of each data modality. Three feature
scenarios were tested. Model A used price and technical
features only. Model B combined price, technical, and
sentiment features. Model C used the complete multimodal
feature set consisting of price, technical, sentiment, and
fundamental variables.

The ablation analysis was designed to determine whether
sentiment and fundamental variables improved forecasting
performance beyond price-based information.  This
comparison was necessary because additional data sources do
not necessarily improve next-day forecasting accuracy. Table
4 defines the feature composition and evaluation purpose for
each ablation scenario.

3.6 Data splitting and model training procedure

A chronological data-splitting strategy was applied to

3050

preserve the temporal order of observations. The integrated
dataset was divided into training, validation, and testing
subsets using proportions of 66%, 13%, and 21%,
respectively. Random splitting was not used because it could
introduce future information into the training process and
result in data leakage.

Feature scaling was applied separately for each modelling
approach. Min—max normalization was used for the LSTM
input because recurrent neural networks are sensitive to input
scale. Standardization was used for the XGBoost input to
maintain consistency among heterogeneous tabular variables.
All scalers were fitted exclusively on the training subset and
were subsequently applied to the validation and testing
subsets.

The LSTM model was trained using sequences of 20
consecutive trading days. The LSTM predictions were
subsequently aligned with the corresponding XGBoost
observations. For the hybrid model, the aligned LSTM output
was appended as an additional feature before the XGBoost
meta-learner was trained.

The three models were evaluated using the same aligned
testing period. This procedure ensured that performance
differences were attributable to the modelling approaches
rather than differences in the test observations.

3.7 Evaluation metrics

Model performance was evaluated using Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), coefficient
of determination (R?), and Directional Accuracy (DA). These
metrics measured both numerical forecasting accuracy and the
ability to predict the direction of stock-price movement.

MAE was calculated as:

n
1
MAE = = |y, — 94 (13)
i=1

RMSE was calculated as:



n
1
RMSE = |- (3, = 9))? (14)
i=1
The R? was calculated as:
o g T 0= 90 )
2ie i —¥)?
DA was calculated as:
-1
DA = (16)

n-1
Y=z I [sign(y; — ye—1) = sign(Pe — Pe—1)]

where, y; denotes the actual value, J; denotes the predicted
value, ¥ denotes the mean of the actual values, n denotes the
number of test observations, and I[-] denotes the indicator
function.

Lower MAE and RMSE values indicate smaller prediction
errors. A higher R? value indicates that the model explains a
larger proportion of the variance in the observed stock prices.
A higher DA value indicates greater accuracy in predicting the
direction of price movement.

3.8 Explainability analysis using SHapley Additive
exPlanations

SHAP was applied to improve the interpretability of the
XGBoost-based prediction component. TreeSHAP was

selected because it is computationally efficient for gradient-
boosting models and provides consistent feature-attribution
values.

Two levels of interpretation were used. Global
interpretation was performed using a SHAP summary plot and
a feature-importance bar plot. These visualizations identified
the variables with the largest contributions across the test
observations. Local interpretation was performed using a
SHAP waterfall plot, which showed how individual feature
values increased or decreased a selected prediction.

The explainability analysis focused on ANTM as the
primary case study. This analysis was used to evaluate whether
the prediction model relied on financially meaningful features
and whether its output could be explained at both global and
individual levels. Figure 4 presents the SHAP explainability
workflow used in the study.

3.9 Implementation environment

The experiments were implemented in Python using a
cloud-based computational environment. Data preparation and
feature engineering were performed using standard numerical
and data-processing libraries. The LSTM model was
developed using a deep-learning framework, whereas
XGBoost was used for tree-based regression. Additional
libraries were used for scaling, evaluation, visualization, and
SHAP-based explainability.

The same preprocessing, feature-engineering, splitting,
training, and evaluation procedures were applied to ANTM,
BBCA, and TLKM to maintain experimental consistency
across the three stocks.

Trained XGBoost /

Hybrid Tree-Based Component

Pre-trained predictive model used
to generate predictions

L 4

Model-agnostic explainer computes SHAP

e SHAP ExPIamer values for model predictions
e SHAP Values Quantifies tl_qe gqntrlbut|or1 of each feature
to individual predictions
. S—
I
+ v

| Global Explanation

Understand overall model behavior
across the entire dataset

| Local Explanation

Understand individual prediction
for a specific instance

i

________________ 5 P T i, W T O o ) e W e

I SHAP Summary Plot ! { Feature Importance Plot ! I Waterfall Plot :

I Distribution of SHAP values : : Mean absolute SHAP values : I Step-by-step contribution of each :

| for all features across | | ranked to show global I | feature to the prediction for the I

: all samples : : feature importance : : selected instance I

L S S —— l ________ =4 | T —— .|, ________ =4 | SO S —"———— ]__ ________ =
Interpretation

Interpretation of dominant features
Positive and negative feature contributions

Figure 4. SHapley Additive exPlanations (SHAP) explainability workflow

3051



4. RESULTS AND DISCUSSION

This section presents the empirical results of the proposed
multimodal stock-price forecasting framework. The analysis
covers the integrated dataset, the comparative performance of
LSTM, XGBoost, and hybrid LSTM—-XGBoost, cross-stock
performance differences, the ablation study, SHAP-based
explainability, and the principal implications of the findings.
Model performance was evaluated using MAE, RMSE, R?,
and DA.

4.1 Dataset summary

The final dataset integrated historical stock prices, technical
indicators, daily sentiment features, and company fundamental
variables. Historical price data constituted the primary daily
input and were enriched with technical features derived from
price, return, volatility, momentum, and lagged observations.
Sentiment information was aggregated at the daily level, while
fundamental variables were aligned with trading dates
according to their reporting availability.

The empirical analysis covered three LQ45 stocks from
different sectors: ANTM, BBCA, and TLKM. The integrated
dataset contained 5,844 price observations, 2,479 sentiment-
related articles covering 1,832 sentiment days, 108
fundamental records, and 49 final variables.

Table 5 summarizes the scope of the integrated dataset. The
inclusion of multiple feature groups enabled the models to
learn from short-term market behavior, aggregated sentiment,
and company-level financial information. However, the
contribution of each feature group was evaluated separately
through the ablation study rather than assumed to be uniformly
beneficial.

4.2 Baseline and hybrid model performance

Three forecasting models were evaluated: LSTM,
XGBoost, and hybrid LSTM—XGBoost. LSTM served as the
temporal deep-learning baseline, XGBoost served as the
tabular machine-learning baseline, and the hybrid model
combined the LSTM prediction with engineered tabular

features through a stacking mechanism.

As shown in Table 6, XGBoost produced the most stable
overall performance across the three stocks. For ANTM,
XGBoost achieved the lowest MAE and RMSE, the highest
R?, and the highest DA. Its MAE was 345.92, RMSE was
529.24, R? was 0.708, and DA was 0.539. These results
indicate that the engineered tabular features provided
substantial predictive information for ANTM.

For BBCA, the hybrid LSTM—-XGBoost model achieved the
best numerical forecasting performance. It produced an MAE
of 435.15, an RMSE of 676.63, and an R? of 0.635. These
values were better than those obtained by the standalone
XGBoost model. However, XGBoost achieved a slightly
higher DA 0f 0.415 compared with 0.404 for the hybrid model.
Therefore, the hybrid architecture improved price-level
accuracy for BBCA but did not improve directional prediction.

For TLKM, the hybrid LSTM—-XGBoost model produced
the lowest MAE and RMSE, with values of 66.94 and 88.52,
respectively. XGBoost, however, achieved the highest R? of
0.937, compared with 0.921 for the hybrid model. Both models
obtained the same DA of 0.488. These findings indicate that
XGBoost and the hybrid model were both competitive for
TLKM, although their relative advantages differed across
evaluation metrics.

The standalone LSTM model produced the weakest results
for all three stocks. Its R? values were negative for BBCA and
TLKM, indicating that its predictions explained less variance
than a mean-based reference model over the evaluated test
period. The LSTM predictions also produced low DA values,
particularly for BBCA and TLKM. Under the present
experimental configuration, the sequential model alone was
therefore less effective than the tree-based and hybrid
alternatives.

Figures 5—7 compare the actual and predicted stock prices.
The LSTM predictions were generally smoother and less
responsive to short-term price changes. In contrast, the
XGBoost and hybrid LSTM-XGBoost predictions followed
the observed price patterns more closely. The visual results
were consistent with the numerical performance reported in
Table 6.

Table 5. Summary of the research dataset

Data Component Description Total or Scope
Stocks ANTM, BBCA, TLKM 3 stocks
Sectors Mining, banking, telecommunications 3 sectors

Price observations
Sentiment data
Fundamental records
Final feature set
Prediction target

Daily OHLCV records
Daily aggregated sentiment indicators
Financial statement-based indicators
Price, technical, sentiment, and fundamental variables
Next-day closing price

5,844 observations
2,479 articles; 1,832 sentiment days
108 records
49 columns
Close;,q

Note: ANTM = PT Aneka Tambang Tbk, BBCA = PT Bank Central Asia Tbk, TLKM = PT Telkom Indonesia Tbk.

Table 6. Prediction performance of Long Short-Term Memory (LSTM), Extreme Gradient Boosting (XGBoost), and hybrid
LSTM—-XGBoost

Stock Model MAE RMSE R? Directional Accuracy (DA)
ANTM LSTM 777.19 861.73 0.205 0.481
ANTM XGBoost 345.92 529.24 0.708 0.539
ANTM Hybrid LSTM-XGBoost 423.61 606.44 0.606 0.489
BBCA LSTM 1960.24 223941 -3.001 0.145
BBCA XGBoost 466.28 703.80 0.613 0.415
BBCA Hybrid LSTM-XGBoost 435.15 676.63 0.635 0.404
TLKM LSTM 558.89 625.77 -2.956 0.057
TLKM XGBoost 69.41 90.94 0.937 0.488
TLKM Hybrid LSTM—XGBoost 66.94 88.52 0.921 0.488

Note: ANTM = PT Aneka Tambang Tbk, BBCA = PT Bank Central Asia Tbk, TLKM = PT Telkom Indonesia Tbk, RMSE = Root Mean Squared Error.
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Figure 5. Actual and predicted stock prices for ANTM
Note: ANTM = PT Aneka Tambang Tbk, RMSE = Root Mean Squared Error, DA = Directional Accuracy.
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Figure 6. Actual and predicted stock prices for BBCA
Note: BBCA = PT Bank Central Asia Tbk, RMSE = Root Mean Squared Error, DA = Directional Accuracy.
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Figure 7. Actual and predicted stock prices for TLKM
Note: TLKM = PT Telkom Indonesia Tbk, RMSE = Root Mean Squared Error, DA = Directional Accuracy.

4.3 Cross-stock performance analysis

The comparative results demonstrate that model
performance varied across stocks. No single model achieved
the best result for every stock and metric. XGBoost was the
strongest model for ANTM and achieved the highest R? for
TLKM, whereas the hybrid model provided the best error-
based performance for BBCA and the lowest MAE and RMSE
for TLKM.

These differences indicate that the effectiveness of the
hybrid architecture was stock-dependent. For BBCA, the
LSTM-derived temporal prediction contributed useful
information when combined with the XGBoost feature set. For
ANTM, however, the standalone XGBoost model remained
superior. The additional LSTM prediction did not improve the
forecasting result and may have introduced information that
was less useful than the engineered tabular features.

The results also show that greater architectural complexity
did not guarantee superior performance. The hybrid LSTM—
XGBoost model improved performance in selected cases, but
it did not consistently outperform XGBoost. This finding
supports a context-dependent interpretation of hybrid
modelling: the value of model integration depends on the
interaction between stock characteristics, temporal patterns,
feature structure, and the forecasting horizon.

The cross-stock results further suggest that engineered
tabular variables were highly informative for next-day
forecasting. XGBoost remained competitive across all three
stocks because the feature set explicitly represented recent
prices, lagged wvalues, technical indicators, sentiment
measures, and fundamental information.

4.4 Ablation study results

The ablation study evaluated the incremental contribution
of sentiment and fundamental features. Three feature scenarios
were examined:

Model A: price and technical features;

Model B: price, technical, and sentiment features;

Model C: price, technical, sentiment, and fundamental
features.

Table 7 shows that Model A, which used price and technical
features only, achieved the best MAE, RMSE, and R? for all
three stocks. For ANTM, Model A produced an MAE of
312.56, an RMSE o0f 490.76, and an R? of 0.749. For BBCA,
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it achieved an MAE of 449.54, an RMSE of 679.77, and an R?
0f 0.639. For TLKM, it produced an MAE of 60.99, an RMSE
of 83.70, and an R2? of 0.947.

These results indicate that recent prices and technical
indicators were the strongest predictors of next-day price
levels in the evaluated dataset. The finding is consistent with
the short forecasting horizon because price, trend, volatility,
momentum, and lagged information are directly aligned with
daily market dynamics.

Sentiment features contributed more clearly to directional
prediction than to price-level accuracy. For ANTM, DA
increased from 0.518 in Model A to 0.535 in Model B and
0.539 in Model C. For BBCA, the highest DA of 0.430 was
achieved by Model B. For TLKM, Model B also achieved the
highest DA, with a value of 0.506.

These findings suggest that sentiment indicators contained
information related to the direction of price movement,
although they did not consistently reduce MAE or RMSE. The
contribution of sentiment was therefore metric-dependent: it
was more evident in directional classification than in
continuous price prediction.

Fundamental features did not consistently improve next-day
forecasting performance. Model C produced higher MAE and
RMSE and lower R? than Model A for all three stocks. A
plausible explanation is the mismatch between the daily
prediction horizon and the lower reporting frequency of
fundamental information. However, the present experiment
does not establish that fundamental features are ineffective for
all forecasting horizons. Their contribution may differ in
weekly, monthly, or longer-term prediction settings.

Figures 8-10 illustrate the differences among the three
feature scenarios. The MAE and R? comparisons confirm the
advantage of price and technical features for price-level
forecasting. The DA comparison shows that sentiment
information provided incremental directional value for
selected stocks.

4.5 SHapley Additive exPlanations-based explainability
analysis

SHAP analysis was used to interpret the XGBoost-based
prediction component. The analysis focused on ANTM as the
primary interpretability case. Global interpretation was
performed using the SHAP summary and feature-importance
plots, while local interpretation was performed using a



open, high, close, the five-day moving average, and low. Their
high SHAP magnitudes indicate that the model relied
primarily on recent market-price information when generating
next-day forecasts.

waterfall plot for one selected prediction.

As shown in Figure 11, the SHAP summary plot showed
that recent price-based features had the largest influence on
ANTM predictions. The most influential variables included

Table 7. Ablation study results for ANTM, BBCA, and TLKM

Stock Scenario MAE RMSE R? DA
ANTM Model A: Price 312.56 490.76 0.749 0.518
ANTM Model B: Price + Sentiment 334.09 518.39 0.720 0.535
ANTM Model C: Price + Sentiment + Fundamental 345.92 529.24 0.708 0.539
BBCA Model A: Price 449.54 679.77 0.639 0.418
BBCA Model B: Price + Sentiment 455.29 689.31 0.629 0.430
BBCA Model C: Price + Sentiment + Fundamental 466.28 703.80 0.613 0.415
TLKM Model A: Price 60.99 83.70 0.947 0.478
TLKM Model B: Price + Sentiment 63.37 85.60 0.944 0.506
TLKM Model C: Price + Sentiment + Fundamental 69.41 90.94 0.937 0.488

Note: ANTM = PT Aneka Tambang Tbk, BBCA = PT Bank Central Asia Tbk, TLKM = PT Telkom Indonesia Tbk, RMSE = Root Mean Squared Error, R? =
coefficient of determination, DA = Directional Accuracy.
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Figure 8. Comparison of Mean Absolute Error (MAE) values in the ablation study
Note: ANTM = PT Aneka Tambang Tbk, BBCA = PT Bank Central Asia Tbk, TLKM = PT Telkom Indonesia Tbk.
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Figure 9. Comparison of coefficient of determination (R?) values in the ablation study
Note: ANTM = PT Aneka Tambang Tbk, BBCA = PT Bank Central Asia Tbk, TLKM = PT Telkom Indonesia Tbk.
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Figure 11. SHapley Additive exPlanations (SHAP) summary
plot for PT Aneka Tambang Tbk (ANTM)

The direction and magnitude of the SHAP values also
showed that the effect of each variable depended on its
observed value and its interaction with the fitted model.
Positive SHAP values increased the predicted closing price,
whereas negative SHAP values reduced its relative to the
model baseline.

As shown in Figure 12, the SHAP feature-importance bar
plot ranked the predictors according to their mean absolute
SHAP values. Open, high, close, ma 5, and low were among
the highest-ranked variables. This ranking confirms that short-
term price and technical information dominated the model's
global prediction behavior.
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Figure 12. SHapley Additive exPlanations (SHAP) feature-
importance bar plot for PT Aneka Tambang Tbk (ANTM)

The explainability results were consistent with the ablation
analysis. The ablation study showed that price and technical
features produced the strongest price-level forecasting
performance, while SHAP independently identified variables
from these feature groups as the most influential predictors.
This consistency strengthens the interpretation that the model
learned economically interpretable short-term market
relationships rather than relying primarily on lower-frequency
fundamental variables.

As shown in Figure 13, the SHAP waterfall plot explained
an individual prediction by showing how each feature shifted
the model output from the expected value to the final predicted
value. Features with positive contributions increased the
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prediction, while features with negative contributions reduced
it. This local explanation complements the global feature
rankings by showing that the contribution of a feature can
differ across individual observations.
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Figure 13. SHapley Additive exPlanations (SHAP) waterfall
plot for an individual PT Aneka Tambang Tbk (ANTM)
prediction

Overall, the SHAP analysis demonstrated that the
XGBoost-based component was interpretable at both global
and local levels. The model relied mainly on recent price-
based and technical variables, while sentiment and
fundamental variables had smaller overall contributions in the
ANTM case.

4.6 Discussion

The empirical findings provide five principal insights.

First, XGBoost was the most stable model across the three
stocks. It achieved the best complete set of metrics for ANTM
and the highest R? for TLKM. This result indicates that tree-
based boosting was well suited to the engineered multimodal
tabular dataset used in this study.

Second, the hybrid LSTM-XGBoost model provided
contextual rather than universal improvement. It achieved the
best MAE, RMSE, and R? for BBCA and the lowest MAE and
RMSE for TLKM. However, it did not outperform XGBoost
for ANTM. The value of hybridization therefore depended on
the specific stock and evaluation metric.

Third, the standalone LSTM model produced the weakest
results. This outcome suggests that, under the present
sequence length, feature structure, training configuration, and
prediction horizon, the recurrent architecture did not capture
the daily price dynamics as effectively as XGBoost. The result
should not be interpreted as evidence that LSTM is generally
unsuitable for financial forecasting. Instead, it shows that its
effectiveness is sensitive to the experimental context.

Fourth, the ablation study demonstrated that the inclusion
of additional data modalities did not automatically improve
next-day price forecasting. Price and technical features
produced the lowest errors and highest R? values, while
sentiment features provided more visible improvements in
DA. Fundamental features did not produce consistent gains for
the daily prediction horizon.

Fifth, SHAP improved the transparency of the prediction
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framework. The feature-attribution results identified recent
price and technical variables as the dominant predictors and
provided a local explanation for an individual prediction. This
interpretability is important because it enables users to
evaluate whether the model relies on plausible financial
signals.

Taken together, the results indicate that forecasting
performance depends on the alignment among model
architecture, feature representation, stock characteristics,
prediction horizon, and evaluation objective. A complex
hybrid model may improve price-level accuracy for one stock
without improving directional performance or generalizing
uniformly across other stocks.

4.7 Limitations and challenges

This study has several limitations.

First, the forecasting horizon was restricted to the next-day
closing price. The usefulness of sentiment and fundamental
information may differ for weekly, monthly, or quarterly
horizons.

Second, sentiment data were aggregated into daily
indicators. This aggregation reduced intraday temporal detail
and may have obscured short-lived market reactions.

Third, the SHAP analysis focused on ANTM as the primary
interpretability case. Although this approach provided a
detailed case-level explanation, equivalent analyses for BBCA
and TLKM would provide a broader assessment of cross-stock
feature importance.

Fourth, the empirical evaluation covered three LQ45 stocks.
These stocks represented different sectors, but the sample was
not sufficient to establish generalization across the entire
Indonesian market.

Fifth, the hybrid stacking procedure used the LSTM
prediction as an additional XGBoost input. Future work should
examine more rigorous out-of-fold stacking procedures,
alternative meta-learners, and repeated temporal validation to
evaluate the robustness of the hybrid architecture.

Despite these limitations, the study provides a consistent
framework for comparing standalone and hybrid models,
evaluating multimodal feature contributions, and explaining
model predictions in the Indonesian stock-market context.

5. CONCLUSIONS

This study developed an explainable hybrid LSTM-
XGBoost framework for next-day stock price forecasting
using price, technical, sentiment, and fundamental features.
The model was evaluated on ANTM, BBCA, and TLKM to
examine its performance across different stock characteristics.

The results showed that XGBoost provided the most stable
performance, while the hybrid model produced improvements
for selected stocks, particularly BBCA. However, the hybrid
architecture did not consistently outperform standalone
XGBoost, indicating that model effectiveness depends on the
interaction between stock characteristics, feature structure,
and forecasting horizon.

The ablation study demonstrated that price and technical
features were the strongest predictors of next-day prices.
Sentiment features contributed more clearly to directional
prediction, whereas fundamental features did not consistently
improve short-term forecasting accuracy. SHAP analysis
confirmed that recent price-based variables were the dominant



contributors to the model predictions.

Overall, the findings show that increasing model
complexity does not automatically produce better forecasting
performance. Effective stock prediction requires an
appropriate alignment between the model architecture, data
representation, prediction objective, and interpretability
requirements. Future research should evaluate the framework
using additional stocks, longer forecasting horizons, and more
robust temporal validation strategies.
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XGBoost prediction function or meta-learner
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Number of regression trees
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values

Mean Absolute Error
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