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Abstract — This study aims to explore how stock
price volatility influences the sequence length or
also known as lookback window hyperparameter of
LSTM. This study uses a comparative approach to
determine the relationship between stock prices
volatility and the best lookback window to achieve
the lowest error rate of an LSTM model in predicting
stock prices. Nine selected stocks in the banking
sector of Indonesia Stock Exchange were compared,
ranging from relatively stable to volatile. The
banking sector was used as it contains multiple
stocks under the same sector that varies in price
movement volatility. An aggregation was also
conducted to produce grouped results. The results of
this  study  highlighted the importance of
hyperparameter tuning in LSTM especially in the
lookback window hyperparameter. Shorter LSTM
lookback window is well suited in low volatility
stocks, with the lowest mean squared error rate of
0.030782 observed in this study at the 42 trading
days lookback period. In contrast to that, highly
volatile stocks exhibit a different pattern, where
longer lookback period improves LSTM prediction
performance, as demonstrated in this study through
a 0.016001 mean squared error at the 252 trading
days lookback period. The findings imply that high
volatility stocks require longer temporal memory in
the LSTM to capture complex and irregular price
movements, whereas low volatility stocks are better
modelled using shorter and more recent information.

Keywords: Long Short-Term Memory (LSTM); Stock
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I. INTRODUCTION

Stocks listed on the Indonesia Stock Exchange
(IDX) have varying levels of price movement,
ranging from relatively stable trends to highly
volatile fluctuations. Various machine learning
techniques have been implemented in the past to
predict stock prices (Soni et al., 2022), which
support financial investment decision making
processes (El Hajj & Hammoud, 2023) and even
automating financial trading (Cohen, 2022). Models
originating from the natural language processing
field such as Long-Short Term Memory (LSTM)
(Berrajaa, 2022) have also successfully been adapted
to fit the domain of stock prices prediction
(Deshpande, 2023). Due to its architecture, LSTM
suits well in the domain of financial time series data
prediction, including for other tasks similar to stock
prices prediction such as gold prices prediction
(Gong, 2024) and forex prices prediction (Ayitey
Junior et al., 2022; Pahlevi et al., 2023). In the
specific market of the Indonesian Stock Exchange,
LSTM has also shown success in the task of stock
prices prediction (Handharu Sworo & Hermawan,
2024; Joddy, 2025).

One important hyperparameter of LSTM is the
sequence length, also known as lookback window,
which determines the length of sequences used as
training input to the model. Existing studies
demonstrated the importance of lookback window
tuning in different task-specific conditions to
achieve high prediction accuracies (Xu, 2024).
However, the main focus of these studies is how the
hyperparameter-tuned prediction model affects the
prediction accuracy, while the influence of
underlying data characteristics such as data volatility
has not yet been explored. A similar research gap is
present in the domain of stock price prediction,
where stock price movement volatility is
acknowledged as one of the factors that may
influence the lookback window size selection
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(Mulyani & Ilham, 2025), but the direct relationship
between them remains unexplored.

This study aims to bridge the research gap by
examining how underlying data characteristics,
specifically stock prices volatility, influences the
lookback window hyperparameter determination to
achieve low error rates of an LSTM model in
predicting stock prices. This study brings novelty in
taking a different approach of studying the
underlying data characteristics in contrast to the
common aproach of studying model architecture
variations.

From a theoretical perspective, LSTM leverages
a forget gate mechanism to selectively retain or
discard contextual information (Oztiirk, 2023),
therefore highly volatile data can be a challenging
aspect to the effectiveness of LSTM’s architecture.
In this study, a comparative analysis approach was
taken between multiple banking sector stocks on
IDX, ranging from relatively stable to fluctuative.
The banking sector was selected as it contains
multiple stocks under the same sector that varies in
price movement volatility.

II. METHODS

This study carried out several methods to ensure
stock prices volatility are well assessed and LSTM
error rates results are compared across various
banking sector stocks in the Indonesia Stock
Exchange. In addition to that, several processes are
also carried out to group the stocks to low volatility
stock groups and high volatility stock groups for
further comparison.

2.1.Dataset Gathering

Historical stock prices of nine banking sector
stocks on the Indonesia Stock Exchange was
retrieved from  Yahoo Finance database
programmatically through the yfinance Python
library. The observation period spans for over five
years, from January 1, 2021 to January 1, 2026.
While the raw dataset includes open, high, low,
close, and volume (OHLCV) data; the primary
component analyzed in this study is the closing
price. The dataset is then split into training and
testing data.

2.2.Stock Volatility Calculation

To quantify the fluctuations of the selected
stocks, a volatility measure is calculated for each
stock by calculating the standard deviation of daily
log returns of the respective stock:

= (55) 0
o = std(r;) 2)

The daily stock volatility calculation result was
also annualized based on a 252-day trading year:

Oannual = 0 -V 252 (3)

Volatility is often calculated by the standard
deviation of daily stock returns (Yan & Li, 2024).
However, in this study, the standard deviation of
daily logarithmic stock returns is used for calculation
to mitigate skewness.

2.3.Stock Grouping based on Volatility

After stock volatility was calculated, stocks
were grouped into two groups:

e Low Stock Price Volatility

e High Stock Price Volatility
The mean value of the annualized stock volatility
measure is calculated and used as a threshold to split
the two volatility groups. These stock groups are
used to calculate aggregated results later in the study
to supplement the individual stocks result in the
study.

2.4.Long Short-Term Memory Model

The stock prices prediction utilizes a Long
Short-Term Memory (LSTM) architecture, which is
a type of recurrent neural network (RNN) (Wang et
al., 2024) specifically designed to capture long-term
dependencies and overcome the vanishing gradient
problem of standard RNNs. For all experiments in
this study, a two-layer LSTM model implemented
using PyTorch is used:

Table 1. LSTM Architecture

Component Specification

Input Dimension 1

Hidden Dimension 64

Number of LSTM Layers 2

Output Layer 1 (Fully Connected
Layer)

Activation Functions Tanh (state), Sigmoid
(gates)

Loss Function Mean Squared Error

Optimizer Adam

Learning Rate 0.001

Number of Epochs 20

Prior to model training, a min-max scaler is used
to normalize the data. After normalization, the same
LSTM model architecture is used in all experiments
to focus more on the hyperparameter tuning aspect
and not on the model architecture. In addition, no
regularization and batching is used in the LSTM
architecture.

2.5.Lookback Window Selection
LSTM was tested on different sequence lengths
representing lookback days and the mean squared
error was plotted. Trading days were used as a
measure instead of regular week lengths in order of
ensuring domain suitability:
e 5 days: represents a trading week
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e 10 days: represents two trading weeks
(biweekly)

21 days: represents a trading month

42 days: represents two trading months

63 days: represents a trading quarter

126 days: represents half trading year

252 days: represents a trading year

2.6.Mean Squared Error (MSE)

To determine the accuracy of the LSTM models
across different lookback windows, the Mean Square
Error (MSE) is utilized as the primary loss metric:

1 ~
MSE = - ¥iLi(vi — 9)? “4)

2.7.Result Comparison

After separating training data and testing data,
LSTM models were trained and tested with the
various selected lookback windows to see which was
the best lookback window for each stock. Initially,
the experiment was conducted on each individual
stock of the nine selected banking sector stock. The
results were compared to see whether volatility
affects the error rate on different lookback window
periods of LSTM.

To further clarify the results, two stocks on the
opposite end of the volatility difference spectrum
were selected to carry out further comparative
analysis. After that, RMSE was averaged for each
stock groups. The aggregated RMSE results were
compared to analyze whether the trends and results
apply in an aggregated manner.

III. RESULTS AND DISCUSSION

The results were analyzed from multiple
viewpoints, from a high level overview of how the
lowest LSTM mean squared error vary among stocks
to a comparison between the lowest and highest
volatility stock. Besides individual stocks, two stock
groups were also created to create an aggregated
result to bring clarity to the results. Various charts
were created to further explain the results including
a trend analysis line chart to show underlying
patterns of the volatiliy-based stock groups
aggregated result.

Initially, volatility rates of each stock from the
nine selected stocks from the banking sector of
Indonesia Stock Exchange was calculated based on
the calculation method defined in the methodology
section. The banking sector stock volatility table
shows the volatility rates of each stock sorted in
increasing order.

Table 2. Banking Sector Stocks Volatility Calculation
Results

No Stock

IDX Volatility

Stock Name Volatility Group

Code

Bank Central
BBCA Asia Tbk PT 0.2317 Low
Bank
Maybank
Indonesia Tbk
PT
Bank Rakyat
Indonesia
BBRI (Persero) Tbk 0.2886 Low
PT
Bank Mandiri
BMRI (Persero) Tbk  0.2956 Low
PT
Bank Negara
Indonesia
BBNI (Persero) Tk 0.3012 Low
PT
Bank Mega
Tbk PT
Bank Aladin
BANK Syariah Tbk 0.5819 High
PT
Bank Jago
Tbk PT
PT Bank Neo
BBYB Commerce 0.7765 High
Tbk

BNII 0.2874 Low

MEGA 0.3451 Low

ARTO 0.6216 High

The mean volatility value across the selected
stocks of 0.4144 was used as the threshold to split
stocks into two volatility groups. The results shows
that six stocks belong to the low volatility group
while only three belong to the high volatility group.
While the results of some major bank stocks such as
BBCA, BBRI, BMRI, BBNI are as expected to be in
the low volatility group, some bank stocks such as
BNII and MEGA surprisingly also fall into this
group. The three stocks that fall into the high
volatility group were mainly categorized to belong
in the digital banking sector of the Indonesia Stock
Exchange. These three banks are expected to have
high volatility since they are mostly recognized to
still be in their youth phases and not as established
as the major banks in Indonesia, although they are
backed by major companies.

A volatility rate gap between MEGA (0.3451)
and BANK (0.5819) was also encountered in the
results, indicating a clear separation between low
volatility and high volatility. Since the volatility rate
was calculated using the annualized standard
deviation of daily log returns, the difference between
stock prices between banks were not an issue to be
considered. Several different possible causes of the
stock volatility rates gap include:

e Growth-based valuations: Unlike established
banks that are valued on steady dividends and
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profits, newer banks are often valued on
forward-looking metrics such as user growth
and transaction volume. Since forward-looking
metrics rely on predictions for future growth,
any small changes in news reports such as a new
partnerships and new investor fundings can
cause major price adjustments.

e High sensitivity to interest rates: Often times,
banks in the high volatility group rely highly on
investor funding. When Indonesia’s central
bank (Bank Indonesia) adjusts the BI rate, it
may cause direct impact on their funds and
profit margins, leading to rapid reactions from
the market causing high price volatility changes.

e Speculative retail trading: highly volatile stocks
are favorites to short-term traders, causing even
more volatile price changes and even unusual
market activity alerts from the Indonesia Stock
Exchange.

Table 3. LSTM Mean Squared Error Results on Different
Lookback Days in Various Banking Sector Stocks

Stock Lookback Days

Cocelae 10 21 42 63 126 252

BBCA 0.00 0.01 0.00 001 0.00 001 0.00
9541 1012 8585 787 9978 0056 7784

BNII 0.09 0.07 006 003 0.03 002 0.01

4743 1134 3749 8459 3184 6862 3648

BBRI 0.02 000 000 000 0.00 001 0.03

1959 9174 7829 7929 4769 6674 8632

BMRI 0.00 0.00 0.01 000 000 0.00 001

7525 6334 2377 5323 4683 4204 1625

BBNI 0.00 000 0.00 001 0.00 001 0.00

348 4736 3072 4866 7232 0639 6962

MEGA 020 0.16 0.14 010 0.13 0.14 022
788 5452 9453 0245 9143 6725 415
BANK 0.11  0.07 005 003 0.03 004 0.01
3246 4613 1781 3309 8354 1353 484
ARTO 0.08 009 0.08 007 0.06 005 0.01

8232 258 2356 4253 1199 776 4977

BBYB 0.07 0.02 005 004 0.02 003 0.01

0504 4691 3616 8635 6307 1811 8185

LSTM Error (MSE) vs. Sequence Length in Different Volatility Regimes
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Figure 1. General Overview of LSTM Mean Squared
Error on Different Lookback Days in Various Banking
Sector Stock

The result displays a high level overview
indicating which lookback days period has the

lowest error rate across different banking sector
stocks in the Indonesia Stock Exchange. On most
stocks in the low volatility group, low to mid
lookback days produced the lowest error rates of
LSTM stock prices prediction. In contrast to that, on
the high volatility group, higher lookback days
meant better performance of the LSTM model.
These results imply that:

e On low volatility stock groups, the LSTM
model can learn well even on short time periods
of data, as the stock prices trends are relatively
stable to discern underlying patterns.

e On high volatility stock groups, a higher
window of lookback days are beneficial to
increasing accuracy, since underlying patterns
are much harder to discern when stock prices
trends are fluctuative.

However, the results contains an outlier, BNII. BNII
is a member of the low volatility stock group but
shows increasingly better results as lookback periods
are increased. A possible reason for this outlier
phenomenon could be that BNII is not as established
as the other banks in the low volatility stock group,
hence predicting stock prices on a higher lookback
time period will result in better accuracy. Another
interesting phenomenon shown in the results graph
is that while MEGA bank stock has the lowest
LSTM error on 42 days, which is considered a
middle time period, the LSTM produces relatively
higher error on MEGA compared to other banks.
Similar to BNII, since MEGA is not as established
as the other banks in the low volatility stock group,
stock prices prediction may benefit from a higher
lookback window. These outliers phenomenons
helps disclose the true underlying nature of the
banking sector stocks volatility rate alone cannot
express.

LSTM Error (MSE): BBCA vs BEYB (Volatility Comparisan)
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Figure 2. A Comparison of BBCA (Stable) and BBYB
(Volatile) LSTM Mean Squared Error Rates across
Different Lookback Days

To further show the contrast of low and high
stock prices volatility impact to LSTM lookback
window selection, two stocks from the end of each
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spectrum are selected and contrasted. BBCA
represents the lowest volatility stock and BBYB
represents the highest volatility stock. The LSTM
shows the lowest error rate when 21 days were
selected as lookback window for BBCA.
Considering BBCA is a stable stock, 21 days were
expected as a low to medium lookback window
period for prices forecasting. This result further
proves the implications of low volatility stocks have
lower best lookback period for LSTM. BBYB shows
good error rate on 10 lookback days, implying good
short-term trading capabilities of LSTM. However,
the best error rate lies on the longest period of 252
trading days, supporting the implications that high
volatility stocks have higher best lookback period for
LSTM. The decreasing trend of mean squred error
rates as the lookback window increases also further
supports the implications.

When two opposite ends of the spectrums are
contrasted, clear patterns emerged. However, when
all nine stocks are plotted in the same graph, trends
are difficult to detect. To solve this issue, stocks are
categorized into two main groups defined
previously, with 0.5 as the midpoint. The average of
the mean squared error from all stocks in each group
is calculated to form an aggregated result.

Table 4. LSTM Mean Squared Error Rates on Different
Lookback Days based on Stock Volatility Groups

Lookback MSE based on Volatility Groups

Days Low High

5 0.057521 0.090661
10 0.044640 0.063961
21 0.040844 0.062584
42 0.030782 0.052066
63 0.033165 0.041953
126 0.035860 0.043641
252 0.050467 0.016001

Impact of Sequence Length on Average MSE by Volatility Group
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Figure 3. Average LSTM Mean Squared Error on
Different Lookback Days in Low and High Volatility
Banking Sector Stock Groups

The aggregated result imply that when grouped
and averaged, the lowest LSTM mean squared error

of the low volatility stock group happens on lower
lookback days compared to the high volatility stock
group. LSTM shows best performance in the highest
lookback period of the high volatility stock group,
further supporting this implication. One thing to note
is that too little lookback days are also destructive to
both the low volatility and high volatility stock
groups, meaning hyperparameter fine tuning cannot
be ommited in stock prices prediction tasks.

MSE Trend Analysis: Stable vs. Volatile Regimes
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Figure 4. LSTM Mean Squared Error Trend Analysis in
Low Volatility and High Volatility Banking Sector Stock
Groups

A trend analysis was also conducted to analyze
the mean-squared error trends further. The result
shows that after slowly decreasing in LSTM error
rates, the low volatility group experienced a dip
when reaching the optimal point and then slowly
rises as lookback period increases. This implies that
stable stocks may have patterns that the LSTM finds
hard to detect if learning period is too large. In
contrast to that, the high volatility stock group has
not yet reached its turning point but continues to
decrease its error rates as lookback period increases.
The high volatility stock group also starts with a
higher error rate compared to the low volatility stock
group, before managing to overtake and even go
lower than the peak point of the low volatility stock

group.

IV. CONCLUSION

The results of this study shows that short to
medium (5-126 trading days) lookback period
produces lower LSTM prediction errors for low
volatility stocks. The best performance achieved in
this study is observed at the 42 days lookback period
resulting in 0.030782 mean squared error. In contrast
to that, high volatility stocks exhibit a different
pattern, where longer lookback period improves
LSTM prediction performance, as demonstrated in
this study through a 0.016001 mean squared error in
a yearly time period (252 trading days). This contrast
suggests that high volatility stocks require longer
temporal memory to capture complex and irregular
price movements, whereas low volatility stocks are
better modelled using shorter and more recent
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information. However, there are some outlier
conditions where this does not apply, supporting the
argument of the importance of LSTM
hyperparameter tuning for each task-specific
conditions.

The key insight of this study is how data
volatility —affects the best sequence length
hyperparameter of LSTM models. This study
specificly analyzes the task of stock prices prediction
of banking sector stocks in the Indonesia Stock
Exchange. Data volatility in this study is defined as
the stock prices volatility, while LSTM sequence
length is defined as the lookback window period in
trading days. Although this study is task specific,
key takeaways can be applied to other tasks for
future research through adjustments, as data
volatility is observable in most tasks.

The limitations of this study is the stock
selection is limited to banking sector stocks. Further
research can be explored in other sectors of the
market and other stock exchanges to achieve
hollistic information. Furthermore, this study only
used a simple LSTM architecture, which can be
improved by replacing it with state of the art LSTM
architectures optimized for stock prices prediction.
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