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This study investigated the impact of stock price volatility and feature engineering on the 

forecasting performance of Long Short-Term Memory (LSTM) and Extreme Gradient 

Boosting (XGBoost) models in the Indonesian equity market. Daily data from 2017 to 2024 

were collected for Bank Central Asia (BBCA), representing a low-volatility stock, and Bank 

Jago (ARTO), representing a highly volatile stock. Two datasets were constructed: a 

baseline dataset containing only closing prices and a feature-engineered dataset including 

moving averages, lagged closing prices, and trading volume. Model performance was 

evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and 

Mean Absolute Percentage Error (MAPE) across the training and test sets. The results show 

that volatility significantly influences predictive accuracy. LSTM performs well on stable 

stocks such as BBCA but deteriorates under volatile conditions, particularly when feature 

engineering is applied. Conversely, XGBoost performs poorly without feature engineering 

but demonstrates substantial improvement for ARTO when additional features are included. 

These findings highlight the importance of aligning model selection and feature design with 

the volatility profile of the target stock. The study underscores that there is no universal best 

model; instead, forecasting outcomes are shaped by the interaction among volatility, feature 

engineering, and methodological choice. 
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1. INTRODUCTION

The Indonesian capital market has developed substantially 

over the past two decades as the country has become 

increasingly integrated into the global financial system [1]. 

The Indonesia Stock Exchange (IDX) serves not only as a 

platform for corporate capital raising but also as an investment 

venue for domestic and foreign investors [2]. Stock market 

participation has expanded alongside improvements in 

financial literacy, digital trading platforms, and investor 

access. As a result, the capital market has become an 

increasingly important component of Indonesia’s financial 

stability and economic growth. However, the dynamic nature 

of stock price fluctuations continues to challenge market 

participants who seek to forecast future price movements, 

optimize portfolio allocation, manage risk, and identify 

potential investment opportunities [3]. 

Within the IDX, the banking sector plays a pivotal role 

because it contributes substantially to market capitalization 

and serves as an indicator of broader Indonesian economic 

conditions [4]. Bank Central Asia (BBCA) and Bank Jago 

(ARTO) provide useful comparative cases for empirical 

investigation. BBCA, one of Indonesia’s largest and most 

established financial institutions, exhibits relatively stable 

price behavior that reflects investor confidence in its 

fundamentals. In contrast, ARTO, a rapidly growing digital 

bank, is characterized by substantial volatility, with frequent 

sharp price movements driven by optimism about digital 

banking and uncertainty about its long-term prospects. This 

contrast makes the two stocks suitable for evaluating 

forecasting models under different volatility conditions within 

the same market environment [5]. 

Financial forecasting research has used a wide range of 

approaches, from classical econometric models such as 

autoregressive integrated moving average (ARIMA) to more 

sophisticated machine learning methods [6]. Traditional 

models often assume linearity and stationarity, which may not 

fully capture the complexity of financial time series data. This 

limitation has increased interest in modern machine learning 

algorithms, which can model nonlinear relationships, high-

dimensional input spaces, and noisy datasets [7]. Two 

prominent models in this context are Long Short-Term 

Memory (LSTM) and Extreme Gradient Boosting (XGBoost) 

[8]. LSTM, a type of recurrent neural network (RNN), was 

designed to address vanishing and exploding gradient 

problems through a gated architecture. This structure enables 

LSTM to retain information across long sequences, making it 

suitable for time series forecasting tasks such as stock price 

prediction. Prior studies have demonstrated that LSTM can 

outperform traditional statistical methods when capturing 

sequential dependencies in financial data [9]. 

By contrast, XGBoost is an ensemble method based on the 

gradient boosting framework. It constructs a strong predictive 

model by combining multiple weak learners, typically 
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decision trees, and optimizing their performance through 

gradient descent. XGBoost has gained popularity in financial 

applications because of its computational efficiency, 

robustness to outliers, and ability to model complex nonlinear 

interactions. Although LSTM is specifically designed for 

sequential data, XGBoost is a more general-purpose algorithm 

that has also shown competitive performance in stock 

prediction tasks [10]. Comparing LSTM and XGBoost 

therefore provides a meaningful basis for assessing the relative 

merits of deep learning and boosting-based methods in 

financial forecasting, particularly in an emerging-market 

context such as Indonesia [11]. 

Volatility is a critical factor in stock price forecasting 

because it measures the degree of price variation over a 

specific period. It represents both risk and market uncertainty 

[12]. Low-volatility stocks generally display smoother price 

trajectories and are therefore easier to model and forecast. In 

contrast, highly volatile stocks exhibit rapid and unpredictable 

fluctuations that can obscure underlying patterns and 

challenge predictive modelling [13]. In this study, volatility is 

examined by comparing BBCA, which represents a relatively 

stable low-volatility stock, with ARTO, which represents a 

high-volatility stock. By evaluating model performance under 

these two conditions, the study assesses the extent to which 

volatility affects forecasting accuracy and whether particular 

models are more resilient in volatile environments [5]. 

Feature engineering (FE) is also important because it 

transforms raw financial data into more informative variables 

that may improve model performance [14]. In financial 

analysis, FE commonly involves technical indicators such as 

moving averages, momentum indicators, and trading volume 

[15]. In this study, FE incorporates 20-day and 50-day moving 

averages (MA20 and MA50), lagged closing prices (Close-1 

and Close-3), and trading volume in addition to the closing 

price. These engineered features are intended to capture short-

term momentum, longer-term price trends, and market 

activity. A baseline scenario is also constructed in which the 

predictive models rely only on closing prices. Comparing 

these two settings enables a direct evaluation of whether FE 

improves forecasting accuracy and strengthens the models’ 

ability to capture price dynamics [16]. 

This research systematically examines the effects of 

volatility and FE on the performance of LSTM and XGBoost 

models for stock price forecasting in the Indonesian market. 

Specifically, the study investigates whether model accuracy 

differs between low- and high-volatility stocks, whether FE 

improves predictive performance, and which model performs 

more effectively under different conditions [17]. By 

structuring the analysis around BBCA and ARTO, the study 

provides a controlled comparison of the interaction among 

volatility, FE, and model choice. 

Although prior studies have demonstrated the effectiveness 

of LSTM, XGBoost, and other machine learning approaches 

for stock price forecasting, the empirical evidence remains 

fragmented. Some studies report superior performance by 

deep learning models because of their ability to capture 

temporal dependencies, whereas others [18] find that tree-

based ensemble methods can achieve competitive or superior 

results when supported by appropriate FE [19]. 

Furthermore, most existing research evaluates forecasting 

models primarily from an accuracy perspective and does not 

explicitly examine how stock volatility influences the 

relationship between model architecture and FE effectiveness 

[20]. Most studies have also been conducted in developed 

markets, where market efficiency and investor behavior may 

differ substantially from those observed in emerging 

economies [21]. Consequently, limited evidence is available 

on whether the benefits of FE remain consistent across 

volatility regimes or whether model performance varies 

systematically between stable and highly volatile stocks in 

emerging markets [22]. 

The implications of this research extend beyond academic 

contribution. From a practical perspective, the findings can 

assist investors, traders, and financial institutions in selecting 

forecasting techniques that match the volatility characteristics 

of the assets under consideration. Understanding whether 

engineered features improve predictive outcomes can also help 

practitioners use data more effectively in decision-making. 

From an academic perspective, this study contributes to the 

relatively limited literature on advanced machine learning 

applications in the Indonesian financial market by integrating 

volatility, FE, and model performance into a single analytical 

framework. Such evidence is particularly important in 

emerging markets, where financial dynamics may differ from 

those of more mature economies. 

Despite extensive research on stock price forecasting using 

machine learning models, most prior studies have focused on 

developed markets, where price discovery mechanisms are 

relatively efficient and stock prices tend to reflect underlying 

fundamentals [21]. In contrast, the Indonesian equity market 

has distinct characteristics, including higher information 

asymmetry, strong retail investor participation, speculative 

trading activity, and momentum-driven price movements. 

These characteristics may cause substantial deviations 

between market prices and intrinsic values and create 

forecasting environments that differ from those observed in 

mature markets [23, 24]. 

This study contributes to the literature by providing 

evidence from an emerging market and by examining how 

volatility regimes influence the effectiveness of forecasting 

architectures and FE strategies. The findings show that the 

benefits of FE are not universal; instead, they depend on the 

interaction between stock volatility and model structure. This 

result highlights the importance of aligning forecasting 

approaches with the volatility characteristics of the target asset 

[22]. In addition to its forecasting contribution, the study 

provides evidence that may support the development of 

volatility-aware decision-support frameworks for investors 

and financial institutions operating in emerging markets [25]. 

The study is guided by four research questions: (1) Does 

stock price volatility significantly influence the predictive 

performance of machine learning models in the Indonesian 

market? (2) Does FE improve predictive accuracy compared 

with models based only on closing prices? (3) Which model, 

LSTM or XGBoost, performs better under different volatility 

conditions? (4) How do volatility, FE, and model selection 

interact to shape forecasting outcomes? Addressing these 

questions deepens the understanding of machine learning in 

financial forecasting and provides practical insights for 

academics and practitioners operating in volatile emerging-

market environments. 

 

 

2. METHOD 

 

2.1 Data and feature engineering 

 

This study used daily stock price and trading volume data 
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from two major banking institutions listed on the IDX, namely 

BBCA and ARTO. The sample period spanned January 2017 

to December 2024, providing an extended time horizon that 

covered stable and turbulent market conditions, including the 

pre-pandemic period, the COVID-19 shock, and the 

subsequent market recovery. This timeframe supports a more 

robust empirical analysis by incorporating multiple economic 

cycles and volatility regimes. 

The selection of BBCA and ARTO is deliberate due to their 

contrasting market characteristics. BBCA, as one of 

Indonesia’s largest and most established banks, exhibits 

relatively low volatility and consistent performance, reflecting 

investor confidence and strong fundamentals. In contrast, 

ARTO, a digital banking entity, is characterized by higher 

volatility, speculative trading activity, and rapid fluctuations 

in valuation, particularly during the post-2020 period when 

digital banking gained momentum. This stark difference 

allows the study to examine how stock-specific volatility 

interacts with predictive modeling. 

Rather than representing the entire Indonesian equity 

market, BBCA and ARTO were intentionally selected as 

comparative case studies representing two contrasting 

volatility regimes within the same industry. BBCA reflects a 

mature and fundamentally driven banking institution with 

relatively stable price dynamics, whereas ARTO represents a 

highly volatile banking stock characterized by stronger 

speculative trading and momentum-driven price movements. 

By focusing on two extreme yet economically relevant cases 

within the banking sector, this study aims to isolate the 

interaction between volatility, feature engineering, and model 

architecture while minimizing sector-specific differences. 

To test the effect of FE, two datasets were constructed. In 

the baseline dataset, only the daily closing price was used as 

the input feature, representing a minimal and commonly 

adopted approach in financial forecasting. In the feature-

engineered dataset, additional technical and lagged variables 

were incorporated to enrich the model inputs. Specifically, the 

following features were included: 

• 20-day moving average (MA20): captures short-term 

price trends and momentum. 

• 50-day moving average (MA50): reflects medium-term 

trend persistence and smoother market dynamics. 

• Lagged closing prices (Close–1 and Close–3): 

represent autoregressive components that help models 

learn short-term memory effects in stock returns. 

• Trading volume: indicates the level of market activity 

and liquidity, which often correlates with price 

volatility. 

These features were selected because they represent basic 

but widely used technical indicators in stock market analysis. 

In the Indonesian equity market, trading decisions are often 

influenced by short-term price momentum, trend-following 

behavior, and liquidity conditions, particularly among retail 

investors. Therefore, moving averages were used to capture 

short- and medium-term trend direction, lagged closing prices 

were included to represent autoregressive price behavior, and 

trading volume was incorporated as a proxy for market activity 

and liquidity. These relatively simple technical features also 

maintain comparability between the baseline and feature-

engineered settings, enabling the study to isolate whether 

commonly used technical information improves forecasting 

accuracy across model architectures and volatility regimes. 

The construction of these two datasets enabled a systematic 

comparison between purely price-driven forecasting and 

forecasting that incorporated additional market-derived 

features. This design allowed the study to assess whether FE 

materially enhanced predictive performance when applied to 

stocks with distinct volatility profiles. 

 

2.2 Models and implementation 

 

A. Long Short-Term Memory model  

The LSTM model is a variant of recurrent neural networks 

designed to address the vanishing gradient problem and 

capture long-term dependencies in sequential data. It relies on 

memory cells and gating mechanisms that regulate 

information flow [26, 27]. 

For each time step 𝑡, given input 𝑥𝑡, previous hidden state 

ℎ𝑡−1, and previous cell state 𝐶𝑡−1, the LSTM is defined by the 

following equations [28]: 

 
𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)   (forget gate) (1) 

 
𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)   (input gate) (2) 

 
𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)   (candidate cell 

state) 
(3) 

 
𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡   (updated cell state) (4) 

 
𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)   (output gate) (5) 

 
ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝐶𝑡)   (hidden state) (6) 

 
where,  𝜎 denotes the sigmoid function, and ⊙  represents 

element-wise multiplication. The hidden state ℎ𝑡  is then 

passed through a fully connected dense layer to generate the 

forecast 𝑦̂𝑡. 

 

B. Extreme Gradient Boosting model 

XGBoost is an ensemble learning algorithm based on 

gradient boosting decision trees. It builds an additive model in 

a forward stage-wise manner, where each new tree attempts to 

correct the residual errors of the previous ensemble [29, 30]. 

The objective function is given by: 

 

𝑂𝑏𝑗(𝜃) = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖) + ∑ 𝛺(𝑓𝑘)

𝐾

𝑘=1

𝑛

𝑖=1

 (7) 

 

where, 𝑙(𝑦𝑖 , 𝑦̂𝑖)  is a differentiable loss function, such as 

squared error, and 𝛺(𝑓𝑘) is a regularization term that penalizes 

model complexity: 

 

𝛺(𝑓) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 (8) 

 

Here, 𝑇 is the number of leaves in the tree, represents leaf 

weights, 𝛾 controls the penalty for the number of leaves, and 

𝜆 is the 𝐿2 regularization term. 

At iteration 𝑡, the model prediction is updated as: 

 

𝑦̂𝑖
(𝑡)

= 𝑦̂𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖) (9) 

 

where, 𝑓𝑡 is the newly added regression tree. By sequentially 

adding trees, XGBoost efficiently reduces the residual error 
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while maintaining generalization through regularization [31]. 

 

2.3 Model configuration and hyperparameter settings 

 

To ensure transparency, reproducibility, and fairness in 

model comparison, the principal model configurations and 

hyperparameter settings are summarized in Tables 1-3. For the 

LSTM models, identical architectures were applied across 

BBCA and ARTO within each experimental setting to 

maintain consistency in the evaluation process. The baseline 

LSTM model relied solely on historical closing prices, 

whereas the feature-engineered LSTM model incorporated 

additional technical indicators and lagged variables. Detailed 

LSTM configurations are presented in Table 1. 

For the XGBoost models, hyperparameter optimization was 

performed using GridSearchCV with three-fold cross-

validation. The search process explored combinations of 

learning rates, tree depths, subsampling ratios, and the number 

of estimators. The parameter search space and the optimal 

configurations obtained for the baseline XGBoost model 

without FE are reported in Table 2. 

 

Table 1. LSTM model configuration 

 
Parameters LSTM Without Feature Engineering LSTM With Feature Engineering 

Input Variables Closing Price Closing Price, Volume, MA20, MA50, Lagged Prices 

LSTM Layers 2 2 

Units per Layer 50, 50 50, 50 

Dropout None 0.20 

Dense Hidden Layer None 25 Units 

Output Layer Dense (1) Dense (1) 

Optimizer Adam Adam 

Loss Function Mean Squared Error Mean Squared Error 

Epochs 25 50 

Batch Size 32 32 

Validation Split None 20% 

Applied Stocks BBCA, ARTO BBCA, ARTO 
Note: LSTM = Long Short-Term Memory; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

Table 2. XGBoost hyperparameter optimization and best parameters without feature engineering 

 
Parameter Search Space (Without FE) Best BBCA Best ARTO 

n_estimators 100, 200, 300 100 300 

learning_rate 0.01, 0.10, 0.20 0.20 0.20 

max_depth 3, 5, 7 3 7 

subsample 0.8, 1.0 0.8 0.8 

colsample_bytree 0.8, 1.0 0.8 0.8 

Cross Validation 3-fold GridSearchCV – – 
Note: XGBoost = Extreme Gradient Boosting; FE = Feature Engineering; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

Table 3. XGBoost hyperparameter optimization and best parameters with feature engineering 

 
Parameter Search Space (With FE) Best BBCA Best ARTO 

n_estimators 100, 200, 300 200 200 

learning_rate 0.01, 0.05, 0.10 0.05 0.05 

max_depth 3, 4, 5 3 3 

subsample 0.8, 1.0 1.0 1.0 

colsample_bytree 0.8, 1.0 1.0 1.0 

Cross Validation 3-fold GridSearchCV – – 
Note: XGBoost = Extreme Gradient Boosting; FE = Feature Engineering; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

To evaluate the impact of FE on tree-based learning, the 

same optimization procedure was applied to the XGBoost 

model using the expanded feature set. The corresponding 

parameter search space and optimal parameter combinations 

for BBCA and ARTO are summarized in Table 3. The optimal 

configurations became more consistent across both stocks 

after FE was introduced, suggesting that engineered features 

provided richer information and reduced the need for highly 

complex tree structures. 

The results presented in Tables 1-3 show that model 

comparison was conducted under transparent and 

systematically documented configurations. While the LSTM 

architectures were kept constant across stocks within each 

experimental setting, XGBoost parameters were optimized 

through a structured search procedure. Therefore, the observed 

performance differences can be attributed primarily to the 

interaction among model architecture, FE, and stock volatility 

characteristics rather than unequal tuning efforts. 

 

2.4 Evaluation metrics and research design 

 

To evaluate the predictive performance of the LSTM and 

XGBoost models, this study used three widely recognized 

statistical accuracy measures: Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE), and Mean Absolute 

Percentage Error (MAPE). These metrics collectively assess 

forecasting accuracy, error magnitude, and robustness under 

different volatility conditions. Each metric offers distinct 

interpretive advantages, enabling a more nuanced comparison 

of model performance [32]. 
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A. Root Mean Squared Error 

RMSE quantifies the square root of the mean of the squared 

differences between the predicted and actual values [33], as 

expressed by the following formula. 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑡 − 𝑦̂𝑡)2

𝑛

𝑡=1

 (10) 

 

This measure is particularly useful because it penalizes 

larger errors more heavily than smaller ones, thereby making 

it highly sensitive to outliers. A lower RMSE value indicates 

better predictive performance and greater accuracy in 

reproducing the actual data patterns. RMSE is often preferred 

when the goal is to minimize large deviations, as it amplifies 

the impact of substantial prediction errors [34]. 

 

B. Mean Absolute Error 

MAE represents the average magnitude of errors between 

predicted and actual values, calculated without considering the 

direction of the deviation [35]. It is defined as follows: 

 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑡 − 𝑦̂𝑡|

𝑛

𝑡=1

 (11) 

 

MAE provides an intuitive understanding of model 

performance, as it measures the mean absolute difference 

between predictions and observed outcomes. Unlike RMSE, it 

treats all deviations equally, regardless of their size, making it 

more robust against extreme outliers. Because of its 

interpretability in the same units as the original data, MAE is 

often employed when simplicity and straightforward 

comparison across models are desired [36]. 

 

C. Mean Absolute Percentage Error 

MAPE expresses the average magnitude of prediction errors 

as a percentage of the actual observed values [37]. It is 

computed using the following equation. 

 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ |

𝑦𝑡 − 𝑦̂𝑡

𝑦𝑡

|

𝑛

𝑡=1

 (12) 

 

This metric provides an interpretable measure of forecasting 

accuracy that is independent of data scale, making it suitable 

for comparing performance across stocks or time periods. 

However, MAPE can become unreliable when actual values 

approach zero because small absolute errors may produce 

disproportionately large percentage errors. Despite this 

limitation, MAPE remains widely used in financial forecasting 

because of its clear interpretation and practical relevance [38]. 

To evaluate forecasting performance under realistic market 

conditions, this study used a chronological 80:20 train-test 

split. The earliest 80% of observations were used for model 

training, and the remaining 20% were reserved for out-of-

sample testing. This approach preserves the temporal ordering 

of financial time series data and avoids look-ahead bias. It 

therefore simulates a practical forecasting environment in 

which future stock prices are predicted using only historical 

information available at the time of model estimation. 

 

 

3. RESULTS AND DISCUSSION 
 

3.1 Descriptive statistics of Bank Central Asia and Bank 

Jago 

 

Descriptive statistics of the stock price and trading volume 

data for BBCA and ARTO during the period 2017–2024 are 

presented in Table 4, including closing price, trading volume, 

and moving averages (MA20 and MA50). The sample 

comprises 1,984 daily observations for each stock, with slight 

variations in the number of moving average observations due 

to the rolling window calculations. The summary provides 

initial insights into the differences in market behavior between 

BBCA, a mature large-cap bank, and ARTO, a relatively new 

and speculative digital banking stock. 

The mean closing price of BBCA is approximately IDR 

6,039 with a standard deviation of IDR 2,084. This relatively 

moderate level of dispersion, when compared to its mean, 

suggests that BBCA exhibits lower volatility and more stable 

price dynamics. In contrast, ARTO has a much lower mean 

closing price of IDR 3,623, but with a higher standard 

deviation of IDR 4,968, exceeding its mean value. This 

indicates that ARTO is highly volatile, with frequent large 

swings in stock price that reflect speculative investor behavior 

and sensitivity to market sentiment surrounding the digital 

banking industry. 

The range between minimum and maximum values further 

illustrates this contrast. BBCA’s price ranges from IDR 2,514 

to IDR 10,570, showing a relatively steady growth trajectory 

for a blue-chip stock. Meanwhile, ARTO fluctuates between 

an extreme low of IDR 13 and a peak of IDR 19,000, reflecting 

extraordinary market dynamics, including speculative rallies 

and corrections. Such disparity underscores the suitability of 

these two stocks as case studies for investigating how volatility 

influences predictive model performance. 

 

Table 4. Descriptive statistics results of BBCA and ARTO 

 

Price 
BBCA ARTO 

Close Volume MA20 MA50 Close Volume MA20 MA50 

count 1,984 1,984 1,965 1,935 1,984 1,984 1,965 1,935 

mean 6,039 80,990,720 6,039 6,036 3,623 10,726,010 3,646 3,682 

std 2,084 57,697,269 2,061 2,021 4,968 19,776,981 4,967 4,961 

min 2,514 -  2,571  2,594 13 - 19 20 

max 10,570  1,062,861,500 10,217 10,136 19,000  380,263,900 18,038 16,863 
Note: BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

Trading volume statistics also highlight significant 

differences in market activity. BBCA records an average daily 

trading volume of approximately 80.9 million shares, with a 

maximum reaching over 1.06 billion shares, consistent with its 

status as one of the most liquid stocks on the IDX. Conversely, 

ARTO exhibits a much lower average daily trading volume of 
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about 10.7 million shares, but with substantial variation 

(standard deviation of nearly 19.8 million). This suggests that 

ARTO’s liquidity is less stable and more prone to episodic 

bursts of speculative trading. To formally characterize 

volatility, this study uses the standard deviation of stock prices 

as a proxy for volatility. Based on Table 4, ARTO records a 

standard deviation of IDR 4,968, which is approximately 2.38 

times higher than BBCA’s standard deviation of IDR 2,084, 

indicating substantially greater price dispersion during the 

observation period. Combined with its considerably wider 

price range, fluctuating between IDR 13 and IDR 19,000, 

these results provide quantitative support for classifying 

ARTO as a high-volatility stock and BBCA as a low-volatility 

stock. Therefore, the two stocks represent contrasting 

volatility regimes that are suitable for evaluating forecasting 

performance under different market conditions. 

 

3.2 Long Short-Term Memory model performance 

without feature engineering 

 

The performance of the LSTM model without any 

additional feature engineering was first evaluated for both 

BBCA and ARTO stocks. Table 5 presents the quantitative 

results based on three error metrics: MAE, RMSE, and MAPE, 

across both training and test sets. For BBCA, the LSTM 

achieved relatively low error rates, with a test MAE of 116.9, 

RMSE of 148.91, and MAPE of only 1.26%. These results 

indicate that the model was able to capture the temporal 

dependencies of BBCA stock prices with high accuracy. In 

contrast, ARTO exhibited larger errors, with a test MAE of 

141.01, RMSE of 176.06, and a notably higher MAPE of 

5.49%. The discrepancy suggests that ARTO’s stock price 

dynamics, characterized by higher volatility and abrupt 

fluctuations, posed greater challenges for the LSTM compared 

to the more stable trajectory of BBCA. 

 

Table 5. LSTM model performance without feature 

engineering result 

 

  
BBCA ARTO 

Train Test Train Test 

MAE 85.3 116.9 209.04 141.01 

RMSE 125.58 148.91 391.19 176.06 

MAPE 1.60% 1.26% 53.44% 5.49% 

Note: MAE = Mean Absolute Error; RMSE = Root Mean Squared Error; 
MAPE = Mean Absolute Percentage Error; LSTM = Long Short-Term 

Memory; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

Figure 1 illustrates the forecasted and actual values for 

BBCA and ARTO during the test period. For BBCA, the 

predicted line closely follows the actual stock price 

movements, capturing both the overall trend and most short-

term fluctuations. This strong alignment is consistent with the 

low MAPE value reported in Table 5, indicating that the 

LSTM model effectively learned the sequential dependencies 

of a relatively stable stock. In contrast, ARTO shows larger 

deviations between predicted and actual values, particularly 

during periods of rapid price increases and subsequent 

declines. The model captures the general direction of price 

movements but does not fully reproduce the magnitude of 

abrupt fluctuations. These visual observations explain the 

higher error metrics observed for ARTO compared with 

BBCA. 

Another key observation lies in the comparative train-test 

performance. For BBCA, the errors between training and 

testing sets remain balanced, indicating the absence of severe 

overfitting. In contrast, for ARTO, the training set produced 

much larger MAPE (53.44%), but this drastically improved to 

5.49% in the test set. This anomaly may suggest that the model 

struggled to fit the early price levels of ARTO, which were 

relatively flat before explosive growth, but managed to adapt 

better to the more recent data included in the test set. Such 

behavior highlights the sensitivity of LSTM models to 

underlying data characteristics, especially when faced with 

highly non-stationary patterns. 

 

 
 

 
 

Figure 1. Visualization of LSTM model performance 

without feature engineering for BBCA and ARTO 
Note: LSTM = Long Short-Term Memory; BBCA = Bank Central Asia; 

ARTO = Bank Jago. 

 

The unusually high training MAPE observed for ARTO 

should be interpreted with caution. During the earlier portion 

of the sample period, ARTO traded at substantially lower price 

levels than in later years, with prices ranging from as low as 

IDR 13 to a peak of IDR 19,000. Since MAPE is highly 

sensitive to small actual values, relatively modest absolute 

forecasting errors can translate into disproportionately large 

percentage errors. Therefore, the elevated training MAPE 

partly reflects the statistical properties of the evaluation metric 

when applied to low-priced observations rather than solely 

indicating inferior model performance or overfitting.  

The LSTM model demonstrated robust forecasting ability 

for a relatively stable blue-chip stock such as BBCA, but its 

predictive accuracy was less reliable for ARTO, which 

exhibited extreme non-linearities and volatility. These 

findings underscore the importance of not only selecting 

appropriate models but also applying additional preprocessing 

and feature engineering strategies to better accommodate 

stocks with highly dynamic behaviors. 

One possible explanation lies in the nature of LSTM itself. 

LSTM is designed to learn sequential dependencies and 

recurring temporal patterns from historical observations. 

BBCA exhibits relatively smooth and persistent price 

movements, allowing the model to identify stable temporal 

structures and generate accurate forecasts. In contrast, ARTO 
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is characterized by abrupt price reversals, speculative trading 

episodes, and volatility clustering, which reduce the 

persistence of historical patterns and make future movements 

less predictable. Consequently, the sequential learning 

advantage of LSTM becomes less effective when market 

behavior is dominated by sudden structural changes rather 

than gradual temporal evolution. 

 

3.3 Long Short-Term Memory model performance with 

feature engineering 

 

The introduction of feature engineering substantially altered 

the performance outcomes of the LSTM model for both BBCA 

and ARTO stocks. For BBCA, the training results indicate a 

MAE of 89.02, RMSE of 126.44, and MAPE of 1.58%, which 

are comparable to the baseline model without feature 

engineering. However, when evaluating the test set, the error 

metrics increased significantly, with MAE rising to 188.13, 

RMSE to 224.29, and MAPE to 2.02%. These results suggest 

that while the enriched feature set allowed the model to 

capture some additional complexity in the stock’s dynamics, it 

simultaneously led to overfitting in the training phase, thereby 

degrading out-of-sample accuracy. This highlights the trade-

off between model complexity and generalization 

performance, particularly in relatively stable stocks such as 

BBCA. 

 

Table 6. LSTM model performance with feature engineering 

result 

 

  
BBCA ARTO 

Train Test Train Test 

MAE 89.0246 188.134 282.381 381.875 

RMSE 126.443 224.29 503.088 429.414 

MAPE 1.58% 2.02% 56.69% 14.90% 
Note: MAE = Mean Absolute Error; RMSE = Root Mean Squared Error; 

MAPE = Mean Absolute Percentage Error; LSTM = Long Short-Term 
Memory; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

For ARTO, the impact of feature engineering was even 

more pronounced. In the training set, the model recorded a 

MAE of 282.38, RMSE of 503.09, and MAPE of 56.69%, 

which are considerably worse than the baseline results. On the 

test set, the performance deteriorated further, with MAE 

increasing to 381.88, RMSE to 429.41, and MAPE rising 

sharply to 14.90%. These findings demonstrate that for highly 

volatile stocks, such as ARTO, the incorporation of lagged 

features, moving averages, and volume information does not 

necessarily improve predictive performance. Instead, the 

model appears to struggle with the high degree of noise and 

structural breaks embedded in the time series, resulting in poor 

generalization. 

Figure 2 reinforces these statistical observations for the test 

period. For BBCA, the predicted values generally follow the 

overall direction of actual stock prices but show noticeable 

deviations during sharper market movements. The forecast 

curve tends to smooth short-term volatility, leading to 

underestimation of price peaks and overestimation of local 

troughs. For ARTO, the model struggles to capture the 

intensity and timing of rapid price fluctuations. Although the 

forecasts reflect the general direction of movement, substantial 

gaps remain between predicted and actual values during 

periods of heightened volatility and abrupt price reversals. 

This visual evidence supports the error metrics reported in 

Table 6 and confirms that the LSTM model with FE is less 

effective for highly volatile stocks than for relatively stable 

stocks. 

These results suggest that feature engineering does not 

provide uniform benefits across stocks with different volatility 

structures. For low-volatility stocks such as BBCA, additional 

features may slightly improve short-term alignment but risk 

introducing overfitting, thereby weakening test performance. 

For high-volatility stocks like ARTO, the added features 

appear to introduce more noise than signal, worsening both 

training and test outcomes. These findings imply that the 

utility of feature engineering in deep learning models for stock 

forecasting is context-dependent and may require further 

refinement, such as feature selection techniques or volatility-

sensitive architectures, to fully harness its potential. 

 

 
 

 
 

Figure 2. Visualization of LSTM model performance with 

feature engineering for BBCA and ARTO 
Note: LSTM = Long Short-Term Memory; BBCA = Bank Central Asia; 

ARTO = Bank Jago. 

 

The deterioration in LSTM performance after feature 

engineering may be explained by information redundancy. 

Because LSTM already extracts temporal information directly 

from sequential observations, the inclusion of lagged prices 

and moving averages may introduce highly correlated inputs 

that provide limited additional information. Instead of 

enhancing predictive capability, these features may increase 

model complexity and amplify noise, particularly in highly 

volatile stocks such as ARTO where historical relationships 

change rapidly over time. 

 

3.4 Extreme Gradient Boosting model performance 

without feature engineering 

 

The performance of the XGBoost model without additional 

feature engineering demonstrates a mixed outcome across 

BBCA and ARTO. As shown in the error metrics, the model 

achieves relatively strong accuracy in the training phase, with 

MAE, RMSE, and MAPE for BBCA recorded at 60.04, 86.84, 

and 1.16%, respectively. However, when evaluated on the test 

set, the errors increase substantially, with MAE reaching 

697.64, RMSE at 901.77, and MAPE at 7.24%. A similar 
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pattern is observed for ARTO, where training performance 

remains favorable (MAE = 113.83, RMSE = 245.94, MAPE = 

3.76%), but test performance deteriorates significantly, 

particularly in terms of relative error, with MAPE climbing to 

20.46%. These results suggest that while the model captures 

in-sample dynamics effectively, its generalization capability is 

limited, especially under volatile conditions. 

Figure 3 provides additional insight into the predictive 

behavior of the XGBoost model during the test period. For 

BBCA, the model captures the general upward trend of stock 

prices but tends to underestimate several price increases 

observed during testing. This divergence suggests that the 

model has difficulty adapting to changes in market momentum 

when relying only on closing price information. For ARTO, 

the discrepancy is more pronounced because the predicted 

values follow a smoother trajectory than the actual stock 

prices. As a result, the model fails to fully capture the sharp 

fluctuations and volatility clusters that characterize ARTO 

during the test period. These visual observations are consistent 

with the error metrics reported in Table 7, which indicate 

weaker out-of-sample performance, particularly for the highly 

volatile stock. 

 

Table 7. XGBoost model performance without feature 

engineering result 

 

 BBCA ARTO 

Train Test Train Test 

MAE 60.0411 697.638 113.825 572.542 

RMSE 86.8351 901.772 245.942 675.612 

MAPE 1.16% 7.24% 3.76% 20.46% 
Note: MAE = Mean Absolute Error; RMSE = Root Mean Squared Error; 

MAPE = Mean Absolute Percentage Error; XGBoost = Extreme Gradient 

Boosting; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

 
 

 
 

Figure 3. Visualization of XGBoost model performance 

without feature engineering for BBCA and ARTO 
Note: XGBoost = Extreme Gradient Boosting; BBCA = Bank Central 

Asia; ARTO = Bank Jago. 

 

These observations highlight an important limitation of 

applying XGBoost in a univariate setting without feature 

engineering. The lack of additional predictors such as moving 

averages or lagged variables restricts the model’s ability to 

recognize momentum and cyclical patterns, resulting in static 

or smoothed forecasts that deviate from actual volatility. This 

issue is particularly evident in ARTO, where the high variance 

in price movements exposes the inability of the baseline 

XGBoost model to anticipate sharp reversals or sustained 

volatility clusters. In contrast, BBCA’s relatively stable 

trajectory allows for moderately acceptable forecasts, though 

the degradation in test performance still reflects insufficient 

adaptability. 

Furthermore, the substantial increase in test errors relative 

to training errors indicates weaker out-of-sample 

generalization. For BBCA, MAPE increased from 1.16% in 

the training set to 7.24% in the test set, while for ARTO it 

increased from 3.76% to 20.46%. This pattern suggests that 

the baseline XGBoost model captures in-sample price 

dynamics reasonably well but struggles to adapt to unseen 

market conditions when relying solely on closing price 

information. The findings therefore provide evidence that 

additional explanatory features are required to improve model 

robustness and reduce the risk of overfitting. 

Taken together, the evidence suggests that XGBoost, when 

relying solely on closing price data, is prone to overfitting the 

training set and underperforming on unseen data. This 

underscores the need for feature engineering to enrich the 

input space and provide the model with more robust signals to 

handle both stable and volatile stock behaviors. In the 

following section, the incorporation of additional features will 

be assessed to evaluate whether such enhancements can 

mitigate the observed shortcomings. 

One possible explanation is that XGBoost relies entirely on 

the information contained within the feature space and does 

not possess an internal memory mechanism comparable to 

LSTM. When only closing prices are provided, the model 

receives limited information regarding trend persistence, 

momentum, and trading activity. As a result, XGBoost may fit 

historical price movements during training but struggle to 

generalize when market conditions change. This limitation 

becomes particularly apparent for ARTO, where high 

volatility and speculative trading behavior create complex 

nonlinear dynamics that cannot be adequately represented by 

a single price variable. 

 

3.5 Extreme Gradient Boosting (XGBoost) model 

performance with feature engineering 

 

The performance of the XGBoost model with additional 

feature engineering provides a more differentiated outcome 

across BBCA and ARTO. As shown in the error metrics, the 

model achieves strong accuracy during the training phase, with 

MAE, RMSE, and MAPE for BBCA recorded at 48.35, 67.76, 

and 0.90%, respectively. In the test set, however, error values 

increase to MAE = 709.17, RMSE = 912.18, and MAPE = 

7.35%. For ARTO, the results reveal a contrasting pattern: 

while training errors remain relatively higher (MAE = 82.06, 

RMSE = 159.1, and MAPE = 14.31%), the test performance 

shows notable improvement, with MAE reduced to 102.31, 

RMSE to 151.11, and MAPE to 4.28%. These findings 

indicate that feature engineering enhances model robustness, 

though the benefits manifest differently depending on the 

stock’s underlying dynamics. 
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Figure 4 further illustrates the contrasting effects of FE on 

XGBoost performance during the test period. For BBCA, the 

model generally follows the upward trend of stock prices but 

continues to underestimate several sharp price movements. 

This suggests that, despite the inclusion of engineered 

features, the model remains challenged in adapting to sudden 

changes in market momentum. In contrast, the forecasts for 

ARTO align more closely with the actual price trajectory and 

capture the overall direction of movement more effectively 

than the baseline model without FE. Although deviations 

remain during periods of heightened volatility, the graphical 

evidence supports the quantitative results reported in Table 8, 

indicating that FE improves the out-of-sample predictive 

performance of XGBoost for highly volatile stocks. 

 

Table 8. XGBoost model performance with feature 

engineering result 

 

  
BBCA ARTO 

Train Test Train Test 

MAE 48.35 709.17 82.06 102.31 

RMSE 67.76 912.18 159.1 151.11 

MAPE 0.90% 7.35% 14.31% 4.28% 
Note: MAE = Mean Absolute Error; RMSE = Root Mean Squared Error; 

MAPE = Mean Absolute Percentage Error; XGBoost = Extreme Gradient 
Boosting; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

 
 

 
 

Figure 4. Visualization of XGBoost model performance with 

feature engineering for BBCA and ARTO 
Note: XGBoost = Extreme Gradient Boosting; BBCA = Bank Central 

Asia; ARTO = Bank Jago. 

 

These observations highlight that while feature engineering 

improves predictive stability, its effectiveness is asset 

dependent. For BBCA, which exhibits steadier long-term 

growth punctuated by sudden jumps, the added features are 

insufficient to fully capture market shifts, leading to persistent 

gaps during volatile test periods. In contrast, ARTO’s highly 

erratic behavior benefits more clearly from the engineered 

variables, as the model demonstrates better generalization and 

lower relative error out-of-sample. Nonetheless, both cases 

still exhibit limitations in reproducing short-term fluctuations 

and volatility clusters, implying that the improvements are 

partial rather than comprehensive. 

The evidence suggests that XGBoost with feature 

engineering achieves greater robustness compared to its 

univariate baseline but continues to face challenges in 

accurately forecasting during volatile market regimes. The 

enhancements are particularly beneficial for stocks with more 

erratic price movements, such as ARTO, where the reduction 

in MAPE on the test set demonstrates a significant gain. For 

more stable yet trend-sensitive stocks like BBCA, however, 

the improvements are less apparent, indicating that further 

refinements—such as incorporating additional 

macroeconomic or technical indicators—may be required to 

achieve consistently reliable forecasts. 

Unlike LSTM, XGBoost does not possess an inherent 

mechanism for learning sequential dependencies. As a result, 

its predictive performance depends heavily on the quality of 

the input features provided to the model. The inclusion of 

moving averages, lagged prices, and trading volume 

effectively embeds temporal and market-related information 

into the feature space, enabling XGBoost to identify nonlinear 

relationships that would otherwise remain hidden. This 

explains why feature engineering produced substantial 

improvements for ARTO, where volatility and complex 

market dynamics require richer representations of price 

behavior. 

 

3.6 Comparative analysis and discussion 

 

A comparative evaluation of forecasting models is a crucial 

stage in determining not only their technical accuracy but also 

their contextual suitability for different market conditions. 

While the preceding sections (3.2–3.5) have presented 

performance metrics and visual analyses for each model 

individually, a cross-model comparison offers a broader 

understanding of how methodological choices interact with the 

underlying characteristics of the stock. Such analysis is 

essential because forecasting financial time series involves 

more than minimizing statistical errors; it also requires 

capturing the behavioral dynamics of assets with differing 

volatility profiles [39]. By comparing the models side by side, 

it becomes possible to identify systematic strengths and 

weaknesses, thereby guiding both methodological 

development and practical decision-making for investors and 

researchers. 

The consolidated results presented in Table 9 reveal several 

important distinctions. For BBCA, a relatively stable blue-

chip stock, the LSTM model without feature engineering 

achieves the lowest test error, with a MAPE of 1.26%. The 

addition of engineered features slightly worsens performance, 

pushing the MAPE to 2.02%, which suggests that the model 

may have been over-parameterized. XGBoost, in contrast, 

produces much higher errors for BBCA regardless of FE, with 

test MAPE values around 7%. This implies that boosting 

algorithms may not handle stable, trend-following price series 

as effectively as sequential deep learning methods. 

When considering ARTO, a stock characterized by much 

higher volatility and abrupt fluctuations, the comparative 

picture shifts. The LSTM model without FE achieves 

moderate accuracy (MAPE 5.49%), but performance 

deteriorates significantly when FE is applied, with test MAPE 

rising to 14.90%. This indicates that engineered features 

introduce noise rather than predictive power in the LSTM 

framework for volatile series. Conversely, XGBoost 
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demonstrates the opposite trend: without FE, its predictive 

power is weak (MAPE 20.46%), but with FE, the test MAPE 

drops sharply to 4.28%. This finding highlights the capacity of 

XGBoost to benefit substantially from carefully constructed 

predictors, which help the model to capture complex nonlinear 

patterns that it would otherwise miss.  

 

Table 9. Comparative analysis results 

 

Model 
Feature 

Engineering 

BBCA (Stable 

Stock) 

ARTO (Volatile 

Stock) 
Key Findings 

LSTM No 1.26% 5.49% 
Performs well on stable stock (BBCA); moderate accuracy on 

volatile stock (ARTO). 

LSTM Yes 2.02% 14.90% 
Performance deteriorates after FE; signs of overfitting, 

especially for ARTO. 

XGBoost No 7.24% 20.46% 
Weak generalization; severe overfitting across both stock 

types. 

XGBoost Yes 7.35% 4.28% 
Accuracy remains poor for BBCA, but shows substantial 

improvement for ARTO. 
Note: LSTM = Long Short-Term Memory; XGBoost = Extreme Gradient Boosting; BBCA = Bank Central Asia; ARTO = Bank Jago. 

 

These contrasting results underscore the fact that the effect 

of feature engineering is model-dependent and asset-specific. 

For LSTM, which inherently captures temporal dependencies 

through sequential memory, additional lagged or smoothed 

predictors can lead to redundancy and overfitting. For 

XGBoost, however, such features are indispensable for 

capturing temporal relationships, given its tree-based 

architecture that lacks intrinsic memory of sequential order. 

The divergence is further amplified by stock characteristics: 

stable assets like BBCA reward simplicity and sequence-

oriented models, whereas volatile assets like ARTO demand 

models that can leverage engineered predictors to manage 

irregular cycles and sudden shocks. 

The comparative analysis suggests that no single model-

feature combination universally dominates. Instead, the 

optimal configuration depends on the volatility regime and 

structural behavior of the target stock [40]. This finding has 

practical implications for investors and researchers. Rather 

than seeking a one-size-fits-all forecasting model, they should 

adopt an adaptive framework in which model choice and 

feature design are aligned with the characteristics of the asset 

being analyzed. Such an approach improves methodological 

robustness and increases the likelihood of producing forecasts 

that are both statistically accurate and practically meaningful. 

From a decision-support perspective, the findings suggest 

that forecasting models should not be selected solely on the 

basis of overall predictive accuracy. Instead, model selection 

should be aligned with the volatility characteristics of the 

target asset. For relatively stable stocks, sequence-based 

architectures such as LSTM may provide superior 

performance with minimal feature requirements. Conversely, 

highly volatile stocks may benefit from feature-intensive 

approaches such as XGBoost with engineered predictors. 

Therefore, the framework proposed in this study can assist 

investors, analysts, and financial institutions in selecting 

forecasting strategies that are better matched to specific 

market conditions, thereby supporting more informed 

investment and risk-management decisions. 

The findings also have implications for the design of 

intelligent financial decision-support systems. Rather than 

adopting a single forecasting model for all assets, decision-

support platforms may incorporate volatility-aware model 

selection mechanisms. Under such a framework, relatively 

stable stocks could be assigned to sequence-based 

architectures such as LSTM, whereas highly volatile assets 

could be processed using feature-intensive models such as 

XGBoost. By aligning model architecture with asset 

characteristics, forecasting systems may achieve greater 

robustness and provide more reliable information for 

investment decision-making and portfolio monitoring. 

The comparative findings presented in this study can be 

contextualized and reinforced through existing literature on 

stock forecasting models, particularly those involving LSTM, 

XGBoost, and hybrid approaches. While the previous 

subsection has outlined how volatility and feature engineering 

influence model outcomes in the Indonesian market, situating 

these results within broader empirical evidence allows for a 

deeper understanding of their methodological and practical 

implications. 

A consistent theme across the literature is the superior 

performance of LSTM in forecasting relatively stable financial 

assets. For example, Oukhouya et al. [8] demonstrated that 

LSTM significantly outperforms XGBoost when applied to 

international equity indices with steady long-term trends, 

emphasizing the strength of sequential learning in stable 

environments. Similarly, Gifty and Li [41] found that LSTM 

achieved lower prediction errors compared to both XGBoost 

and ARIMA in stock market applications, underscoring its 

ability to capture long-term temporal dependencies [42]. 

Sathiyapriya et al. [43], in their study on cryptocurrency, 

further reinforced this point by showing that LSTM adapts 

more effectively than tree-based methods when volatility is 

moderate but not extreme. These results resonate strongly with 

the present study, where BBCA—representing a stable, blue-

chip stock—was best modeled by LSTM without feature 

engineering, achieving the lowest test error [44]. 

In contrast, volatile assets such as ARTO presented a very 

different picture. In this case, XGBoost with feature 

engineering delivered superior predictive accuracy, which 

mirrors evidence from earlier research. Shi et al. [45] 

highlighted that tree-based models, when enhanced with 

carefully designed features and attention mechanisms, can 

capture irregularities in highly volatile markets better than 

unmodified sequential models. Raudys and Goldstein [46] 

further argued that XGBoost provides interpretability and 

resilience in environments characterized by noise and rapid 

fluctuations, complementing deep learning methods that may 

overfit. Wu et al. [47] also showed that optimization 

techniques, such as Particle Swarm Optimization (PSO) 

applied to XGBoost, substantially improved prediction 

accuracy in volatile contexts. Collectively, these studies 

corroborate the finding that engineered features significantly 

enhance XGBoost’s performance on volatile stocks like 

ARTO, where unmodified LSTM structures struggled. 

Beyond the binary comparison of LSTM and XGBoost, a 

growing body of research has advocated hybrid approaches 
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that combine the strengths of both architectures [48]. Zhu [49] 

proposed a hybrid LSTM–XGBoost framework that 

consistently outperformed standalone models, leveraging 

LSTM for temporal dependency and XGBoost for residual 

pattern learning. Lin et al. [50] similarly demonstrated that a 

hybrid XGBoost–LSTM approach improved oil price 

forecasting, particularly under volatile conditions where 

neither model alone was sufficient. Dolon [51] extended this 

trend by integrating LSTM, Prophet, and XGBoost, showing 

that hybrid architectures achieve more stable and robust 

predictions across different market phases. Nichani et al. [52] 

confirmed these findings, reporting that hybrid ARIMA–

LSTM–XGBoost models minimized error variability 

compared to individual methods. The implication is clear: 

while the present study treated LSTM and XGBoost 

separately, future research could achieve superior outcomes by 

combining them into unified frameworks that exploit their 

complementary advantages. 

Finally, these findings also raise broader considerations 

about optimization, interpretability, and real-world 

application. While LSTM excelled for stable stocks, its 

performance deteriorated when excessive features were 

introduced, echoing concerns about over-parameterization 

raised by Raudys and Goldstein [46]. XGBoost, conversely, 

benefited from additional features but risks becoming opaque 

without proper interpretability frameworks [53]. Practical 

applications for investors suggest that model selection should 

be adaptive: sequence-oriented neural networks are best suited 

for long-term, stable assets, while feature-intensive boosting 

methods are better aligned with volatile and speculative 

stocks. From a research perspective, the integration of feature 

optimization (e.g., PSO or Bayesian tuning) and attention-

based deep learning architectures offers promising directions. 

The comparative results and supporting literature show that 

financial market forecasting requires methodological 

adaptability. No single model consistently dominates across 

assets and volatility regimes [40]. Instead, aligning model 

architecture with asset characteristics, supported by targeted 

FE, represents the most effective pathway. Four directions 

appear promising for future work: (i) developing hybrid 

LSTM-XGBoost frameworks that combine sequential 

memory with nonlinear feature exploitation; (ii) incorporating 

optimization and interpretability tools to enhance both 

accuracy and transparency; (iii) expanding feature sets through 

additional technical indicators, macroeconomic variables, 

fundamental ratios, sentiment indicators, and feature 

importance analysis; and (iv) applying walk-forward 

validation and time-series cross-validation to assess model 

robustness across market regimes and forecasting horizons. 

Pursuing these directions can help researchers and 

practitioners build forecasting systems that are statistically 

robust and practically valuable in dynamic financial markets. 

Nevertheless, it is important to acknowledge the limitations 

of this research. The analysis is restricted to two banking 

stocks, BBCA and ARTO, which may limit the 

generalizability of the findings to other sectors or markets. The 

feature engineering applied in this study focuses on a limited 

set of technical indicators and lagged prices, without 

incorporating more complex indicators or fundamental 

variables such as earnings, interest rates, or macroeconomic 

conditions. Furthermore, the time frame of the data is 

constrained by availability, which may affect the robustness of 

the results over different market cycles.  

In addition, the comparative evaluation in this study is based 

primarily on forecasting accuracy metrics, namely MAE, 

RMSE, and MAPE. While these measures are widely used in 

forecasting research, the analysis does not incorporate formal 

statistical significance tests, such as the Diebold–Mariano 

(DM) test, to determine whether the observed performance 

differences between competing models are statistically 

significant [54]. Future studies may strengthen comparative 

inference by incorporating forecast comparison tests and 

confidence interval estimation procedures. 

Furthermore, the study employs a single chronological 

train-test split rather than walk-forward validation or rolling-

window evaluation. While this approach reflects a commonly 

used forecasting setting and preserves temporal ordering, 

future studies may adopt more advanced validation 

frameworks to further assess model stability across different 

market regimes and forecasting horizons [55]. 

These limitations should be recognized in the interpretation 

of the findings, while at the same time opening avenues for 

future research that could expand the scope to other stocks, 

additional features, and longer time horizons. Consequently, 

the findings should be interpreted as evidence from 

comparative case studies rather than universal conclusions 

applicable to all stocks, sectors, or market environments.  

 

 

4. CONCLUSIONS  

 

This study suggests that volatility plays an important role in 

shaping the predictive performance of machine learning 

models within the context of BBCA and ARTO in the 

Indonesian banking sector. For BBCA, a relatively stable blue-

chip stock, forecasting errors were consistently low across 

models, with LSTM providing superior accuracy, particularly 

when limited to closing price data. In contrast, the highly 

volatile ARTO exhibited larger forecast errors unless the 

model-feature configuration was carefully adapted, indicating 

that volatile environments impose greater challenges on 

predictive modeling. 

Feature engineering does not guarantee improved predictive 

accuracy. In the case of LSTM, the inclusion of engineered 

variables such as moving averages, lagged prices, and trading 

volume tended to worsen performance because of redundancy 

and overfitting. XGBoost, however, benefited substantially 

from these additional features. Although its performance 

without FE was poor, particularly for ARTO, the addition of 

engineered predictors significantly improved forecasting 

accuracy. This contrast highlights that the value of FE depends 

strongly on model architecture. 

The comparative analysis indicates that LSTM achieved 

superior performance for BBCA, whereas XGBoost combined 

with FE produced the most accurate forecasts for ARTO. 

These findings suggest that different model-feature 

configurations may be more suitable under different volatility 

conditions, although broader evidence from additional stocks 

is required before general conclusions can be drawn. LSTM’s 

ability to capture sequential dependencies enables it to 

perform well with minimal inputs under stable conditions, 

whereas XGBoost requires engineered features to compensate 

for its lack of inherent temporal memory, especially under 

volatile price dynamics. 

The results indicate that forecasting accuracy is influenced 

by the interaction among volatility, FE, and model selection 

within the stocks examined in this study. Volatility amplifies 

forecasting challenges, FE offers model-specific benefits, and 
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model choice must be aligned with the characteristics of the 

target stock. There is no universal best method; rather, 

predictive performance depends on adaptive methodological 

alignment with market conditions. Therefore, the findings may 

serve as a practical decision-support reference for investors, 

analysts, and financial institutions when selecting forecasting 

models and FE strategies under different volatility regimes. 

Future research may further enhance the proposed 

framework in several directions. First, hybrid LSTM–

XGBoost architectures could be developed to combine 

sequential memory learning with nonlinear feature 

exploitation, potentially improving forecasting performance 

across different volatility regimes. Second, optimization and 

interpretability techniques, such as Bayesian optimization, 

PSO, SHAP, and feature importance analysis, may be 

incorporated to improve both predictive accuracy and model 

transparency. Third, the feature set could be expanded through 

the inclusion of additional technical indicators, 

macroeconomic variables, fundamental ratios, and sentiment-

based measures to provide a richer representation of market 

dynamics. Finally, the application of walk-forward validation 

and time-series cross-validation would provide a more 

rigorous assessment of model robustness and generalizability 

across different forecasting horizons and market conditions. 

Beyond model comparison, the findings have practical 

implications for financial forecasting and decision-support 

systems. The results suggest that forecasting architectures 

should not be selected uniformly across assets but should 

instead be adapted to volatility characteristics and data 

availability. Such volatility-aware forecasting frameworks 

may support more effective investment analysis, portfolio 

monitoring, and risk-management processes within intelligent 

financial decision-support environments. 
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