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Abstract

The volatile nature of digital financial markets poses major challenges for predictive modelling, particularly in
developing accurate forecasting models that can address diverse asset characteristics such as Bitcoin, with its extreme
fluctuations, and Gold, which is known for its stable movements. This study addresses this challenge by evaluating
the robustness of linear, deep learning, and hybrid architectures in both high-volatility and stable asset environments.
Utilizing Bitcoin and Gold closing price data from 2022 to 2025, the methodology adopts a comparative workflow
that involves ARIMA, ARIMA-GARCH, LSTM, and LSTM-GARCH Hybrid models. Stationarity (ADF) and
heteroskedasticity (ARCH-LM) diagnostics alongside AIC/BIC selection criteria were applied, followed by a walk-
forward validation scheme to assess the model's performance. Results confirmed that the hybrid GARCH-LSTM
model delivered the lowest Root Mean Squared Error (RMSE), significantly outperforming single models by
integrating statistical variance and temporal neural learning. Therefore, this study contributes to the field of
computational intelligence by validating an accurate Artificial Intelligence (AI) framework for volatility-based
forecasting and proposing a scalable blueprint for engineers to develop models that are capable of capturing the
dynamics of financial time series data.

Keywords : Bitcoin forecasting, GARCH-LSTM hybrid, Gold price prediction, time series volatility, RMSE
evaluation.
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1. INTRODUCTION

Heightened economic uncertainty in the post-pandemic era has defined the trajectory of global
financial markets [1], along with changes in monetary policy [2] and geopolitical dynamics [3] leading
to direct impacts on the volatility of financial asset prices. These conditions have raised the need for
price prediction models that are not only statistically accurate but also resilient to changes n data patterns
and extreme market dynamics [4]. Asset price forecasting plays an essential role in investment decision-
making, risk management, and the development of effective risk-hedging strategies [5],[6].

Bitcoin and Gold are assets that have distinct characteristics. However, they are both relevant in
the realm of volatility differences [7], [8]. Bitcoin’s reputation as a cryptocurrency with extreme price
volatility stems from market sentiment [9], technology adoption [10], and global regulations [11]. In
contrast, gold has served as a historically stable safe haven asset with relatively stable volatility, while
remaining sensitive to inflation, interest rates, and global economic conditions [12], [13]. Their
contrasting characteristics provide a useful basis for evaluating the robustness of price prediction models
in dynamic and non-stationary market conditions [14].

Previous studies used conventional statistical models like Autoregressive Integrated Moving
Average (ARIMA) and Generalized Autoregressive Conditional Heteroscedasticity (GARCH) in
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analyzing financial asset price predictions [15], [16]. ARIMA models effectively capture linear patterns
and short-term autocorrelation; however, it has limitations regarding volatility clusters [17], [18]. This
limitation leads to the development of GARCH models, which address ARIMA limitation by modeling
conditional variability over time. GARCH models are widely used in finance volatility analysis [17],
[19].

As computational capabilities evolve and large-scale historical data become more accessible.
Deep Learning approaches such as Long Short-Term Memory (LSTM) are gaining its traction in
financial time-series forecasting [20], [21]. LSTM excels at capturing non-linear patterns and long-term
dependencies that traditional statistical models fail to capture [22], [23]. Nevertheless, several studies
indicate LSTM performance may be unstable on data with extreme volatility if not accompanied by
adequate volatility information [24].

Overcoming the limitations of single models, hybrid approaches such as ARIMA-GARCH and
GARCH-LSTM have been developed, aiming for a combination of strengths from both statistical and
deep learning models [25], [26]. Even so, most previous studies have only focused on one type of asset
or simply compared one hybrid approach with another single model. Studies that simultaneously
compare linear, non-linear, and hybrid models on two assets with contrasting volatility characteristics,
particularly in periods of high volatility following a pandemic, remain limited.

Global financial market conditions during the 2022-2025 period market by various extreme
shocks, ranging from COVID-19 pandemic, global economic recovery phases, geopolitical tensions, to
significant monetary policy changes [27]. Period 2022-2025 poses a major challenge in terms of price
prediction models due to increased instability in data patterns, changes in volatility structure, and regime
shifts [28], [29]. Consequently, a comprehensive evaluation of prediction modelling is required to
adequately address high volatility and non-linear data patterns in tandem.

In light of this research gap, the study conducted comparative analysis against four modelling
approaches: ARIMA, ARIMA-GARCH, LSTM, and GARCH-LSTM, applied to two types of assets
with contrasting characteristics, namely Bitcoin and Gold, in the post-pandemic period. This study aims
to analyze and compare the performance of four single and hybrid models with parameter selection
criteria based on Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), as well
as evaluate model performance using Root Mean Squared Error (RMSE) within a walk-forward
validation scheme. The findings of this study are expected to contribute significantly towards selecting
an appropriate prediction model based not only on analysis objectives but also on asset characteristics.
Furthermore, the results of this study can serve as a reference for developing risk management strategies
and investment decisions.

2. METHOD

This research was conducted in several stages, namely: (1) collection of daily Bitcoin and Gold
price data for the period 2022-2025, (2) data exploration by extracting the date and closing price
columns and data visualization, (3) preprocessing stage which includes testing stationarity using
Augmented Dickey-Fuller (ADF) test and differencing the data if it was not stationary, (4) dividing the
data into training and testing data with a ratio of 80:20, (5) modeling using Autoregressive Integrated
Moving Average (ARIMA), Generalized Autoregressive Conditional Heteroskedasticity (GARCH), and
Long Short-Term Memory (LSTM), (6) hybrid ARIMA-GARCH and GARCH-LSTM modeling, (7)
model testing using the walk-forward validation method, and (8) evaluation and comparison of model
performance based on the Root Mean Squared Error (RMSE) value on Bitcoin and Gold test data. The
research process flow is shown in Figure 1.
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Figure 1. Research Workflow

2.1. Dataset

Datasets used in this study were obtained from Yahoo Finance through the yfinance library, which
consists of two main financial assets: Bitcoin against the US Dolar (BTC-USD) and COMEX gold price
(GC=F). Variables used include opening price (Open), highest price (High), lowest price (Low), closing
price (Close), and trading volume (Volume). BTC-USD and GC=F were chosen as they are both
alternative investment assets commonly used as hedges against inflation and market volatility as well as
having complex and non-linear price movement characteristics [30]. This study utilized daily data
spanning from January 1, 2022, to November 11, 2025, divided into training data (80% of total data)
and testing data (20% of total data) as a means of evaluating prediction model performance.

Table 1 and Table 2 show sample datasets for BTC-USD and GC=F that will be used as training
data in model development. BTC-USD and GC=F that will be used as training data in model
development. BTC-USD dataset shows high volatility with closing prices ranging from USD 6985.47
to USD 7769.22 in early January 2022, while trading volume ranged from USD 18 billion to USD 28
billion. As for the GC=F dataset, gold prices show relatively more stable movements with closing prices
ranging from USD 1524.50 to USD 1566.20 and lower trading volumes compared to Bitcoin.
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Table 1. Sample Dataset Bitcoin (BTC-USD)

Date Open High Low Close Volume
2022-01-01 7202.551270  7212.155273  6935.270020  6985.470215 20802083465
2022-01-02 6984.428711  7413.715332  6914.996094  7344.884277 28111481032
2022-01-03 7345375488  7427.385742  7309.514160  7410.656738 18444271275
2022-01-04 7410.451660  7544.497070  7400.535645  7411.317383 19876543210
2022-01-05 7410.452148  7781.867188  7409.292969  7769.219238 19725074095

Table 2. Sample Dataset Gold (GC=F)

Date Open High Low Close Volume
2022-01-01 1518.099976  1528.699951  1518.000000  1524.500000 214.0
2022-01-02 1530.099976  1552.699951  1530.099976  1549.199951 107.0
2022-01-03 1530.099976  1552.699951  1530.099976  1549.199951 107.0
2022-01-04 1530.099976  1552.699951  1530.099976  1549.199951 107.0
2022-01-05 1580.000000  1552.699951  1560.400024  1566.199951 416.0

This closing price variable will be used for the main variable as it reflects an asset's final value at
each trading period's end as well as being a key indicator of financial time series analysis [31].
Characteristics of the volatility and temporal patterns of these two assets lay the foundation for the use
of ARIMA, ARIMA-GARCH, LSTM, and GARCH-LSTM methods to capture linear components,
heteroskedasticity, and non-linear patterns in time series data

2.2. Augmented Dickey-Fuller Test (Uji ADF)

Prior to performing time series modelling using the ARIMA model, it is essential to ensure
stationarity of the data, both in terms of mean and variance. Series are stationary if their mean and
variance are constant over time. Dickey-Fuller tests are a generalization of ADF tests. ADF test adapted
to address autocorrelation within errors, by adding lag values of the dependent variable [32]. Equations
for ADF tests can be written as follows:

p
AY, =a+ Bt+yY,_4 + Z 6;4Y,_ 1+ & (1
i=1

Where A represents an operator of difference and ¥, indicates Bitcoin or Gold closing price at
time ¢. Parameter « is an intercept constant, f8 is time trend coefficient. Parameter y is used to determine
whether there is a unit root present, while p indicates optimum lag length used in the test, and &; is white
noise error. Hypothesis zero (Hy) with y = 0 suggest that data has a unit root (is non-stationary), thus if
probability value (p-value) is smaller than its significance level (a = 0.05), then Hjis rejected, meaning
the data is stationary [33].

2.3. Uji Efek ARCH (ARCH-LM Test)

An Largerange Multiplier (ARCH-LM) test is used to validate the assumption of
homoscedasticity by detecting volatility patterns or conditional autoregressive heteroscedasticity effects
in ARIMA model residuals [34]. It is essential to perform this test before deciding whether to use
GARCH to capture non-constant error variance. Mathematically, it is formulated as follows:
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é? =agy+ Z (Xié?_i + v, (2)

Where 82 denotes squared residuals at time 7, & is its intercept constant, and a; coefficient of
squared residuals at lags i through order ¢g. v, represents residual error component. Hypothesis zero
(Hpaq =...=ay = 0) assumes that there is no ARCH effect. Hence, if results of statistical tests are
significant, hypothesis zero (HO) is rejected, as it confirms the presence of heteroscedasticity within the
data [34].

2.4. LSTM Model

The Long Short-Term Memory (LSTM) model is used as a learning method due to its ability to
capture non-linear patterns and long-term dependencies within time series data. LSTM is frequently
used in research related to Bitcoin and Gold price prediction given that its architecture can overcome
vanishing gradients issues and exploding gradients that occur in Conventional Recurrent Neural
Networks (RNN). Several studies indicate that LSTM can provide accurate predictions of highly volatile
data with complex temporal patterns [31], [35]. Its computation process is performed using following
equation:

fe= O'(Wf[ht—l:Xt] + bf) 3)
ip = o(W;[h_1,X,] + b;) (4)
C, = tanh(W_[h,_4,X,] + b,) )
Co=fix Coiq +ipx Cy (6)

0, = a(W,[he_1, X] + b,) (7

Where i, is the input gate, 0, is the output gate, and f, is the forget gate, and the cell
state value (C, ) functions to regulate the memory flow in each neuron [36].

2.5. ARIMA Model

The Autoregressive Integrated Moving Average (ARIMA) model is used as the basic method
due to its ability to capture linear patterns and autocorrelation in financial time series data. ARIMA is
often used in research on gold prices, financial indices, and cryptocurrencies because of the model's
flexible structure in addressing trends and short-term autocorrelation. Several studies indicate that
ARIMA can serve as a strong baseline for time series analysis, particularly for stationary data periods
[37], [38]. The mathematical equation for the ARIMA model is:

Yt = ¢Yt_1 + "’..+Yt_p + € — elet_l —

0 ®)

qet—q

ARIMA equation illustrates how current values Y; is influenced by two main components:
historical values and previous shocks. The autoregressive (AR) component (¢;Y;_; ) capturing
influences from values of the past up to lag-p , on the other hand moving average (MA) component
(—8;€¢—;) explains how errors from previous periods also affect its current value. €; component
represents white noise, which accounts for shocks not explained by AR or MA [39]-[41].

2.6. GARCH Model

The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model is used to
model volatility that changes over time in time series data, especially in financial data that shows
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heteroskedasticity, i.e., non-constant variance. This model is very useful for identifying volatility that
often clusters [42]. GARCH can describe patterns of volatility that give rise to periods of high fluctuation
followed by periods of low volatility [43]. Mathematicall, it is illustrated as follow:

0? =+ ae + B10%, )

Where 0',25 is conditional variance estimate (volatility) at time &, Sf_l, residual square at time £ —

1, and 0'?_1 noted as volatility from previous period [42], [43]. It assumes current volatility rely on
previous volatility and market errors or shocks. Parameter a4 measures the influence of previous market
shocks on current volatility, while 81 measures previous volatility influence on current volatility [42].
Parameter estimation in the GARCH model is generally performed using Maximum Likelihood
Estimation (MLE), which seeks to maximize likelihood function based on existing data to obtain most
optimal parameters for predicting volatility [42],[44].

2.7. Hybrid GARCH-LSTM Model

The GARCH-LSTM hybrid model is used to address two characteristics of modern financial
markets: fluctuating volatility and long-term non-linear patterns. GARCH is effective in modelling
volatility dynamics and volatility clustering, while LSTM is strong in capturing long-term relationships
and non-linear patterns that are difficult to handle by traditional statistical models [40] ,[41], [44].
GARCH mathematically written as follow:

Ve =1+ g (10)
ol =w +acg’ | + poi, (12)

This formula shows that the return y, is composed of its mean u and error €, , whose variance
follows the GARCH process. Conditional variance 62 is dynamic, influenced by previous shocks
through the parameter a , as well as by volatility persistence through the parameter f# . This structure
has been extensively used to model high-risk asset volatility since it can capture volatility clustering
phenomena commonly found in crypto and commodity markets [41], [45]. It is calculated using these

equations:
ft = o'(Wf[ht_l,Xt] + bf) (13)
ir = o(W;[he_q,X] + b;) (14)
C; = tanh(W [h,_1,X,] + b) (15)
Co=fe* Cooq +ip* Et (16)
0, = o(Wy[h,_1,X¢] + b,) (17)

This set of formulas describes the internal mechanism of LSTM that works with gate-based
memory control. The forget gate f; determines which information to discard, the input gate i; plays a
role in regulating new information to be stored, while the C; is the candidate memory. LSTM retains
important information through the memory cell C;, making it effective in learning long-term patterns in
non-linear data. When features capture the relationship between volatility dynamics and price direction
with stimuli, the model is able to learn well and improve prediction accuracy on highly fluctuating data
assets [40], [46].

2.8. Hybrid ARIMA-GARCH Model

Hybrid ARIMA-GARCH models are a joint approach, designed to capture complex time series
data, including linear patterns and high volatility. ARIMA models are used to capture linear patterns
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and temporal dependencies in the data, however they have limitations in capturing non-linear patterns
or non-constant variance. In contrast, GARCH models address heteroscedasticity or fluctuations in
volatility among residuals which tend to change over time. Second-order information, conditional
variance, was typically captured using an ARCH-based GARCH model. Using a combination of these
two models provides more accurate modelling than a single model, especially in highly volatile financial
markets such as stocks and commodities prices [47]-[49]. Mathematical equations for ARIMA model
given by:

we = A%y, = (1 - B)%y, (18)
©; = P1Ye—q + 0+ ¢th—p+£t — 0181 — - — eq“:t—q (19)
yARMA — A-d g (20)

Where w; represent ARIMA process after differencing order d, while &@; as result of ARIMA

model estimation. y#ARIMA

value shows its prediction result at time t , obtained through inverse
differencing process (A~% ) to return the data to its original scale. Furthermore, residuals produced from
the ARIMA model are modeled using GARCH to capture volatility characteristics of data. Residuals

are defined as follow:

et =Yt — %AR[MA (21)

The autoregressive (AR) component describes the influence of past values on current values,

while the influence of past errors on present is explained by the Moving Average (MA) component [47],
[48]. Mathematically GARCH is written ass follow:

07 = w+ ogef g + -+ agef + P10ty + o+ Bpoi, 22)

The prediction of the GARCH component is expressed as:

yGARCH = 7 6. (23)

Where z; is a random variable that follows a standard normal distribution, w is a constant, and;
represents its onditional standard deviation at time t. In this equation, o (or h;) represents the
conditional variance or volatility in a period of time t , while w is constant. Finally, the forecast results
from hybrid ARIMA-GARCH model are obtained by combining predictions from both models, namely
[50]

Rybrid ARTH CARC (24)
v, ybrid _ , ARIMA 4y 5, GARCH

2.9. Akaike Information Criterion (AIC) dan Bayesian Information Criterion (BIC)

Akaike Information Criterion (AIC) is a selection criterion intended to estimate the relative
quality of statistical models, notably in the context of time series prediction. AIC serves as a metric for
evaluating the balance between model fit and complexity [S1]. It aims to prevent model overfitting by
maintaining a balance between complexity (number of parameters) and model accuracy [52]. In the
ARIMA or ARIMA-GARCH modelling process, AIC assists in determining the optimal model order.

Meanwhile, Bayesian Information Criterion (BIC), commonly known as Schwarz Criterion,
refers to a selection criterion used to optimize time series prediction models. BIC also evaluates the
trade-off between model fit and model complexity [51]. The difference is that BIC bases its evaluation
on a stronger penalty for the number of parameters and sample size, making it more effective than AIC
in finding models from actual data [52], [53], [54]. Model selection based on AIC-BIC evaluation yields
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the model with the smallest AIC-BIC value [55], [56]. AIC and BIC are generally expressed by
following equations.

AIC = 2%k — 2 *In(L) (25)
BIC = k xIn(n) — 2 =In(L) (26)

Where k indicates the number of parameters used on model, L noted as the value of model’s
likelihood function, and n sample size from total number of observations used [57].

2.10. Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) refers to a model evaluation metric applied to assess a model’s
predictive performance [58]. RMSE measures the magnitude of difference between actual and predicted
values, or prediction errors for time series models [59]. Errors in RMSE are computed by squaring the
mean error between actual and predicted values. Since errors are squared, RMSE is highly sensitive to
large errors or outliers [60].

m
1 _
RMSE = | (3, = 7)? 27)
i=1

Where y; noted as actual value at observation i, y; is the predicted value of the model at
observation i and m is total number of observations used in the model evaluation process [61].

3.  RESULT
3.1. [Exploratory Data Analysis (EDA)

Two sets of data were utilized for this study, specifically Bitcoin and Gold. An preliminary
analysis was conducted to examine the characteristics of the closing price movements of Bitcoin (BTC-
USD) and Gold (GC=F) from January 1 to November 11, 2025.
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/,’ i a7 e . fy“-'“‘w..m\ WP _,,,ﬂ\""r.ﬂ,l J P oY
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(a) (b)

Figure 2.  Closing Price Movements (a) Bitcoin dan (b) Gold

Figure 2 shows that the closing price movements of Bitcoin and Gold exhibit significantly
different fluctuation patterns. Bitcoin shows very high volatility, with a sharp downward trend (bearish)
throughout 2022 due to the crypto winter, followed by a recovery phase and a significant upward trend
(bullish) from late 2023 to 2025. The extreme price surge in Bitcoin indicates a high degree of
uncertainty and investment risk. In contrast, Gold price movements tend to be more stable but still
experience a gradual upward trend, reflecting its function as a safe haven asset amid global economic
uncertainty.

2357


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 3, June 2026, Page. 2350-2375
P-ISSN: 2723-3863 https://jutif.if unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.3.5555

The closing price data for these two assets shows a non-stationary pattern, where the mean and
variance change over time. This indicates that the raw data cannot be directly used for modeling and
requires a stationarity test first. In addition, there are indications of volatility clustering, particularly in
Bitcoin prices. There are periods where high price fluctuations are followed by other high fluctuations,
and vice versa. The existence of this volatility clustering is an early indication of the effect of
heteroscedasticity (non-constant variance) in residuals’ data. Therefore, an ARCH-LM test also needs
to be performed.

3.2. Augmented Dickey-Fuller (ADF) Test

Step one in time series modelling, especially ARIMA, require stationary data, meaning conditions
where mean and variance remain constant over time. To test the assumption of stationarity, this study
uses the Augmented Dickey-Fuller (ADF) test. Hypothesis zero (Hy) on ADF test states that the data
has a unit root (is not stationary), while the alternative hypothesis (/) states that the data is stationary.
If the probability value (p-value) is less than the significance (a = 0.05) or the ADF statistical value is
smaller than the critical value. The results of the ADF test at the original data level and after first-order
differencing.

Table 3. Stationarity Test Results with Augmented Dickey-Fuller (ADF)
Aset Tahapan Data ADF Statistik  Critical Value P-Value Keterangan
Bitcoin Original Data -0.4978 -2.863 0.8924 Non-stationary
1st Difference -48.3767 -2.863 0.0000 Stationary
Gold Original Data 3.1675 -2.863 1.0000 Non-stationary
1st Difference -10.2679 -2.863 0.0000 Stationary

Based on Table 3, testing on the original data shows that Bitcoin and Gold data are not stationary,
as indicated by ADF statistical values greater than the critical value of 5% and p-values > 0.05
(Hoaccepted). Stationarity is only achieved after first-order differencing (d=1), where the ADF statistic
values for both assets drop sharply below the critical value with a p-value of 0.0000 (Horejected). This
confirms that the first-difference data is stationary, as visualized in Figure 3.

(a) (b)
Figure 3.  First-order Differencing Results (d=1) on (a) Bitcoin and (b) Gold Data

Based on Figure 3, after differencing, the trend in the data has disappeared and the data
fluctuations move around zero (constant mean). Therefore, the data is ready to be used for the ARIMA
model identification stage.

3.3. ARIMA Model

ARIMA modeling was performed to estimate linear patterns of the price movements of Bitcoin
and Gold by utilizing autoregressive (AR), differencing (I), and moving average (MA) components.
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Based on the stationarity test and results of the Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF), a single differencing process (d=1) was selected to stabilize the
variance and eliminate strong trends. The model was then tested using various combinations of AR and
MA parameters to obtain the most optimum configuration based on RMSE, AIC, and BIC metrics.
Bitcoin and Gold closing prices, respectively, are used as target variables for model’s prediction.

3.3.1. ARIMA Model on Bitcoin Data

ARIMA modeling was applied to the Bitcoin price dataset to capture daily price movement
patterns from 2024 to the end of 2025. To determine the best parameters, several combinations (p, d, q)
were tested in the range:

- p=1to3
- d =0 because it is already stationaire when differencing is performed once before modeling
- q=1to3

The evaluation process is based on three metrics, namely RMSE to measure prediction error,
AIC to determine model complexity penalty, and BIC to determine model complexity penalty that is
stricter than AIC.

ARIMA Model Evaluation on Bitcoin Data

Ordo (p, d, q) RMSE AIC BIC
(1,0, 1) 2035.8041 25265.3544 25286.5858
(1,0,2) 2036.4569 25265.7403 25292.2797
(1,0,3) 2038.1412 25267.1832 25299.0305
(2,0, 1) 2036.5617 25265.8553 25292.3947
(2,0,2) 2044.0849 25259.6649 25291.5122
(2,0,3) 2040.9986 25261.5631 25298.7182
3,0, 1) 2037.0649 25267.2694 25299.1167
3,0,2) 2044.0025 25269.7640 25306.9191
3,0,3) 2045.2976 25263.7014 25306.1644

Based on Table 4, the best ARIMA model for Bitcoin data is provided by the ARIMA model
with parameters p, d, q, respectively, which is the model with parameters 1, 0, 1, where this model shows
the lowest RMSE , indicating the smallest prediction model error. Although some models have lower
AIC, BIC shows a higher number, so it is considered less efficient in terms of complexity. The results
of this modeling also explain that a larger combination of p and q does not provide a significant
improvement and tends to increase the BIC penalty.
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Figure 4. ARIMA (1, 0, 1) Model on Bitcoin Data
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The results in Figure 4 show a comparison between the actual Bitcoin price and the ARIMA (1,
0, 1) prediction results, which have been returned to their original scale using the inverse differencing
process. This figure shows that the ARIMA model with the optimal parameter combination is able to
accurately capture the fluctuating patterns of actual Bitcoin data. This success is supported by the use
of walk-forward validation, which allows the model to adapt to the latest data changes, as well as the
ARIMA's ability to exploit the autocorrelation structure in historical data patterns.

3.3.2. Model ARIMA on Gold Data

ARIMA modeling was also applied to the Gold price dataset to evaluate the model's ability to
predict assets with lower volatility compared to Bitcoin. The differencing process was also performed
once to stabilize the trend pattern, followed by a search for the best parameters by testing several
parameters (p, d, q) within the same range as Bitcoin, namely,

- p=1to3
- d =0 because it is already stationaire after being differentiated once before modeling
- q=1to3

The evaluation process was also carried out using three metrics, namely RMSE, AIC, and BIC.

Figure 5.  ARIMA Model Evaluation on Gold Data
Model (p, d, q) RMSE AIC BIC
(1,0, 1) 30.0767 12427.8068 12449.0383
(1,0,2) 30.1673 12422.7775 12449.3169
(1,0,3) 30.2030 12424.5651 12456.4124
(2,0, 1) 30.1108 12422.7221 12449.2615
(2,0,2) 30.1795 12421.7716 12453.6189
(2,0,3) 30.1460 12423.7604 12460.9155
(3,0, 1) 30.1626 12424.5657 12456.4130
(3,0,2) 30.2382 12423.7052 12460.8603
(3,0,3) 30.3111 12420.4071 12462.8701

Table 5 shows that the ARIMA (1, 0, 1) model has the lowest RMSE value of 30.0767, making
it the best model based on prediction performance on Gold data. Although models with higher p and q
values have lower AIC values, they were not selected because their BIC values are higher due to greater
parameter complexity. Therefore, the ARIMA (1, 0, 1) model provides the best balance between model

accuracy and efficiency and is selected as the final configuration for Gold price modeling.
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Based on Figure 6, a comparison between the actual price of gold and the predicted results of the
ARIMA (1, 0, 1) model on a native scale after the inverse differencing process. The blue line depicts
the actual price of gold, which shows an upward trend with moderate fluctuations during the period from
2024 to the end of 2025. Compared to Bitcoin, the price pattern of gold is more stable and does not
experience extreme spikes, but still shows clear fluctuations in line with changes in global economic
conditions, inflation, pandemics, and market sentiment towards safe haven assets. Meanwhile, the dotted
orange line represents the model's prediction results, which show fluctuating movements similar to the
actual data. This occurs because the ARIMA model uses walk-forward validation, which enhances the
model's ability to adapt to the volatility of the latest data based on historical patterns. The results of the
tests conducted on gold and bitcoin data show that ARIMA with walk-forward validation is indeed
capable of modeling data with non-linear patterns with precision

3.4. ARCH-LM Test

After modeling with ARIMA (1,1,1), residual values were obtained for the ARCH-LM test and
GARCH modeling. ARIMA modeling requires that the residuals be homoscedastic (constant variance).
If there is correlation in the residual squares, then heteroscedasticity (ARCH effect) occurs, which means
that data volatility changes over time.

To assess any ARCH effect, this study uses the Lagrange Multiplier test (ARCH-LM). Hypothesis
zero (Ho) in this test states that there is no ARCH effect (homoscedasticity), while the alternative
hypothesis (H)) states that there is an ARCH effect (heteroscedasticity). The following are the results of
the ARCH-LM test:

Table 5. Heteroscedasticity Test Results (ARCH-LM Test)
Aset LM Statistik P-Value (X?) F-Statistik P-Value (F) Keterangan
Bitcoin 170.33 2.37 10 18.42 9.98 10 Heteroscedasticity
Gold 304.99 1.37 10°% 35.43 1.70 10 Heteroscedasticity

Based on Table 5, the ARCH-LM test results show significant evidence of heteroscedasticity in
both assets, indicated by the LM Statistics values for Bitcoin (170.33) and Gold (304.99) which have p-
values well below the significance level of 0.05. This condition leads to the rejection of the null
hypothesis (Ho ), meaning that there is volatility clustering in the ARIMA model residuals. Therefore,
the ARIMA model alone is considered insufficient, and the application of the GARCH and GARCH-
LSTM methods is needed to capture residual volatility.

3.5. GARCH Model

The GARCH model is used to model volatility that changes over time in time series data,
especially in financial data that shows heteroscedasticity or non-constant variance. This model is useful
for describing patterns of volatility fluctuations that often cluster, with periods of high volatility
followed by periods of low volatility. GARCH assumes that current volatility is influenced by previous
periods of volatility as well as market shocks in previous periods. The target variable in this modeling
is the closing price that will be predicted by the model.

Table 6. GARCH Model Evaluation on Bitcoin Data
Model (p, q) AIC
(1, 1) 10833.614
2, 1) 10835.443
(1,2) 10835.730
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In Bitcoin price data, the models tested were GARCH (1, 1), GARCH (2, 1), and GARCH (1,2).
The GARCH (1, 1) model was selected as the best model based on a lower AIC value of 10833.614.

Based on Table 6 with the AIC model selection criteria, the GARCH (1, 1) model was selected
as the best model. The beta[1] parameter shows a value of (0.8674), which indicates a large influence
on current volatility, with a very small P>|¢| value of 2.061e-90, which shows that past volatility has a
large impact on current price volatility. Conversely, alpha[1] shows a value of (0.1119) and a P>|
value of 5.860e-02, which is slightly greater than the 5% level, indicating that the effect of past volatility
on current volatility is not significant.

Table 7. Parameter Estimation of GARCH Model on Bitcoin Data
Coef. Std err t P>t 95.0% Conf. Int.
Omega 0.3661 0.144 2.544 1.094e-02 [8.410e-02, 0.648]
Alpha[1] 0.1119 5.914e-02 1.891 5.8602-02 [-4.067¢-03, 0.228]
Beta[1] 0.8675 4.302e-02 20.163 2.061e-90 [0.783,0.952]

Table 7 shows the results of GARCH model parameter estimation on Bitcoin data, where most
volatility parameters show strong statistical significance. The constant parameter (®) has an estimated
value of 0.3661 with a p-value of 0.01094, indicating that the long-term variance component has a
significant effect on Bitcoin volatility. The ARCH a(1) parameter has an estimated value of 0.1119 with
a p-value of 0.0586, which is at a marginal level of significance and indicates the influence of short-
term shocks on volatility. Meanwhile, the GARCH parameter (1) shows a high estimated value of
0.8675 with a very small p-value (2.061x107°°), indicating a very strong level of volatility persistence.
The relatively narrow confidence interval on the B(1) parameter also reinforces the stability of this
estimate. Overall, these results show that Bitcoin volatility is highly persistent and significantly
influenced by past variance, reflecting the highly volatile nature of the cryptocurrency market.

In the gold price data, the GARCH models tested include GARCH (1, 1), GARCH (2, 1), and
GARCH (1, 2). The best model obtained is GARCH (1, 1), which has the lowest AIC of 5360.632, lower
than the other models.

Table 8. GARCH Model Evaluation on Gold Data
Model (p, q) AIC
(1, 1) 5360.632
2,1 5362.363
(1,2) 5362.382

Based on Table 8 with the AIC model selection criteria, the GARCH (1, 1) model was selected
as the best model. The parameters omega 0.3898, alpha[1] 0.1217, and beta[1] 0.7544 have P>|t| values
that are greater than 0.05, which means that the effect of past volatility on current volatility is not

significant.
Table 9. Parameter Estimation of GARCH Model on Gold Data
Coef. Std err t P> 95.0% Conf. Int.
Omega 0.3898 1.076 0.362 0.717 [-1.718, 2.498]
Alpha[1] 0.1217 0.413 0.294 0.768 [-0.688, 0.932]
Beta[1] 0.7544 5.311 0.142 0.887 [-9.655, 11.164]
Beta[2] 0.1024 4.838 2.116e-02 0.983 [-9.380, 9.584]
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Table 9 shows the results of the GARCH model parameter estimation on Gold data, where all
estimated volatility parameters do not show statistical significance at the conventional significance level.
The constant parameter () has an estimated value of 0.3898 with a p-value of 0.717, while the ARCH
parameter o(1) has an estimated value of 0.1217 with a p-value of 0.768, indicating that short-term
shocks do not have a significant effect on volatility. In addition, the GARCH B(1) and B(2) parameters
also show high p-values, 0.887 and 0.983, respectively, so that the persistence of volatility in Gold data
is not strongly identified. The wide confidence intervals for all parameters reflect the high uncertainty
of the estimates, which overall indicate that the dynamics of conditional variance in Gold prices are
relatively stable and consistent with the characteristics of Gold volatility, which is lower than that of
high-risk assets.

3.6. ARIMA-GARCH Model

ARIMA-GARCH model was utilized to the Bitcoin closing price dataset from 2024 to 2025. This
data was used to capture closing price movement patterns and predict daily returns. In developing
process, it is necessary to select most optimum parameters to obtain most optimal results. This is done
by testing several combinations of ARIMA (p, d, ¢) and GARCH (p, ¢) orders. The combination of the
ARIMA and GARCH models is based on the results of conducted LM-test to validate the presence of
heteroscedasticity. Based on its results, Bitcoin and Gold are confirmed to have heteroscedasticity in the
data.

The ARIMA-GARCH model was used on the Bitcoin closing price dataset to obtain the pattern
of Bitcoin price movements throughout 2024 to the end of 2025. The model used was the model with
the best parameters to produce the most optimal prediction and model evaluation results. This was done
by testing the GARCH (p, ¢) combination and using the ARIMA (1,0,1) model, which had previously
been tested to have the best model evaluation results. GARCH was tested on the combinations (1,1),
2,1), (3,1), (1,2), (2,2). The evaluation was based on the AIC metric to see the model complexity
penalty.

Table 10. ARIMA-GARCH Model Evaluation onBitcoin

Model ARIMA(p, d, q)-GARCH(p, q) AIC
(1,0,1)-(1, 1) 24003.654
(1,0,1)-(2, 1) 24005.655
(1,0,1)-3, 1) 24046.323
(1,0,1)-(1, 2) 24042.653
(1,0,1)-(2, 2) 24027.873

Based on Table 10, the best GARCH model for Bitcoin data is the GARCH (1, 1) model. This
model will be used for the hybrid model. The ARIMA-GARCH model for Bitcoin data is ARIMA (1,
0,1)- GARCH (1, 1).

Based on Figure 7, it shows a comparison graph between actual price data and the predicted price
of ARIMA (1, 0, 1) - GARCH (1,1). The figure shows that the ARIMA-GARCH prediction captures
the pattern of Bitcoin closing price movements well with an RMSE of 2034.55.

The ARIMA-GARCH model was applied to analyze gold price movements from 2024 to 2025.
The best model was selected by evaluating various combinations of ARIMA and GARCH parameters.
The ARIMA (1, 1, 1) model was chosen based on previous test results that showed the best model
performance in terms of prediction accuracy. On the other hand, the GARCH parameters were tested
with various combinations, namely (1, 1), (1, 2), (2, 1), and (2, 2). The best model was selected based
on the AIC value assessment, which describes the efficiency of the model by considering its complexity
and predictive ability.
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Table 11. ARIMA-GARCH Model Evaluation on Gold Data
Model ARIMA(p, d, q)-GARCH(p, q) AIC
(1,1,1)-(1,1) 12432.644
(1,1,1)- (1,2) 12434.644
(LLD-(2, 1) 12434.186
(L,1,1)-(2, 2) 12436.186

Based on the evaluation results using the model selection criteria metric with AIC in Table 11,
the GARCH (1, 1) model shows the best results with the lowest AIC value compared to other GARCH
model combinations. Therefore, the ARIMA-GARCH model for gold data is ARIMA (1, 1, 1) - GARCH

(1, 1).
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Figure 8. ARIMA-GARCH Model for Gold

In Figure 8, the graph shows a comparison between the actual price and the price predicted using
ARIMA (1, 1, 1) - GARCH (1, 1). The blue line represents the actual price, while the orange line
represents the predicted price. The two lines are very similar, indicating that this model successfully
follows the price movement pattern well throughout the tested period with an RMSE of 30.0556.

3.7. LSTM Model

The LSTM (Long Short-Term Memory) model is a recurrent neural network architecture
specifically designed to handle time series data with the ability to remember long-term patterns. Unlike
traditional statistical methods, LSTM has the advantage of learning complex non-linear relationships
between variables. In this study, LSTM was trained using price features such as Open, High, Low, Close,
and Volume with Close as the prediction target. This approach allows the model to capture market
dynamics directly from historical data without assuming a specific distribution.
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This study evaluates the model using a walk-forward validation scheme, which provides a more
realistic picture of the model's performance because at each time step, the model is only trained using
historical data up to that point without looking at future data. This walk-forward validation is capable
of producing predictions that are close to real market conditions, especially for highly dynamic assets
such as Bitcoin and Gold.

Bitcoin exhibits sharp price swings, driven by rapid shifts in liquidity, market sentiment, and
speculative behaviour. These characteristics make the dataset highly volatile and difficult to model using
purely linear frameworks. To handle these characteristics, a model that is able to read actual market
trends is needed, and LSTM, with its advantage in learning non-linear data patterns in time series, is the
right choice. Through this approach, price features such as Open, High, Low, and Volume are entered
as inputs so that the neural network can recognize price movement patterns both when the market is
volatile and when price movements are relatively stable. The LSTM architecture makes predictions
more adaptive and responsive to sudden market changes. As a result, the LSTM model is able to follow
the actual Bitcoin price pattern quite well despite extreme volatility.
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Figure 9. LSTM Model for Bitcoin

J/f MH,

In Figure 9, the orange prediction line follows the actual data trend in blue with a fairly good
distance. The model's predictions appear to be able to capture the general direction of movement despite
some lag in periods of extreme change. This shows that LSTM has successfully learned both short-term
and long-term Bitcoin price patterns directly from historical features. Overall, this model produces an
RMSE value of 3795.9114.
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Figure 10. LSTM Model for Gold

Gold exhibits a noticeably smoother and more stable price trajectory compared with Bitcoin.
Movements tend to unfold gradually, and major deviations are typically tied to macroeconomic shifts
such as changes in interest rates or inflation expectations. Because of this stability, the LSTM primarily
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focuses on learning gradual transitions and long-term structure rather than sudden shocks. Through this
approach, price features such as Open, High, Low, Close, and Volume are included as inputs so that the
neural network can recognize price movement patterns both when the market is volatile and when price
movements are relatively stable. The LSTM architecture makes predictions more adaptive and
responsive to sudden market changes. As a result, the LSTM model is able to follow the actual price
patterns of Bitcoin quite well despite facing extreme volatility.

In Figure 10, it can be seen that the predicted line with orange follows the actual data with blue
very well, especially in the long trending phase from early 2024 to mid-2025. The predictions look
stable, smooth, and responsive, suggesting that LSTM is able to study the gradual but consistent growth
patterns of gold prices.

When there was a surge in the price of gold in mid-2025 triggered by an increase in demand for
hedge assets, the LSTM model managed to capture the acceleration of the trend quite accurately. This
indicates that even though the movement of gold is calmer than Bitcoin, LSTM is still able to adjust its
predictions to changes in market conditions through historical pattern learning. Overall, the LSTM
model's performance on gold data is consistent, yielding an RMSE value of 58.0450.

3.8. GARCH-LSTM Hybrid Model

The GARCH-LSTM Hybrid Model combines the strengths of the GARCH statistical model and
the non-linear learning capabilities of LSTM. In the first stage, the GARCH model will model daily
volatility in extremely fluctuating data so that it can produce a series of volatility data that reflects the
level of market uncertainty at each point in time. This volatility is then combined with other price
features such as Open, High, Low, Close, and Volume, with Close used as the target model for the
LSTM model. This approach is used for high-risk assets because it can capture both short-term and long-
term volatility patterns.

This study evaluates the model using a walk-forward validation scheme, which provides a more
realistic picture of the model's performance because at each time step, the model is only trained using
historical data up to that point without looking at future data. This walk-forward validation is capable
of producing predictions that are close to real market conditions, especially for highly dynamic assets
such as Bitcoin and Gold.

In Bitcoin data, movements are highly volatile, so the ups and downs are influenced not only by
long-term trends but also by short-term volatility dynamics that change very quickly. To handle these
characteristics, a model is needed that can read actual market trends, and a hybrid GARCH-LSTM model
combines the ability of GARCH to model volatility with the advantage of LSTM in learning non-linear
data patterns in time series. Through this approach, the daily volatility of the GARCH estimation results
is included as an additional feature in the LSTM so that the neural network can recognize when the
market is experiencing high volatility or when price movements are relatively stable. The integration of
these two models makes predictions more adaptive and responsive to sudden market changes. As a
result, the hybrid model is able to follow the actual Bitcoin price patterns more stably and closely than
a single model.

Table 12. GARCH Model Evaluation on Bitcoin Data
(a, B) AIC
(1, 1) 10833.61
2,1 10835.44
(1,2) 10835.73

Based on Table 12, in the Bitcoin data, the GARCH(1, 1) model was selected as the best model
based on the lowest AIC value. The estimation results show that the o + § parameter is close to 1, which
means that Bitcoin volatility is very persistent. The fluctuating volatility information then becomes
important input for LSTM. When LSTM receives volatility features from GARCH, the model is able to
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distinguish between calm and volatile market periods, making predictions more adaptive and closer to
actual patterns.
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Figure 11. GARCH-LSTM Hybrid Model for Bitcoin
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As shown in Figure 11, the orange prediction line closely follows the blue actual data trend with
minimal deviation. The model's predictions appear stable but remain responsive to changes in price
direction. This indicates that the integration of volatility signals from GARCH successfully enhances
the LSTM's ability to recognize both short-term and long-term patterns in Bitcoin prices simultaneously.
Overall, the combination of the two models does not reduce prediction errors compared to single models
such as ARIMA and pure LSTM. This is in line with the RMSE result of this model, which is 3205.3953.

Gold price movements tend to be more stable than Bitcoin, but still show an up-and-down pattern
influenced by global economic conditions, inflation, interest rates, and market sentiment toward safe-
haven assets. This relative stability makes gold volatility lower, but it is still important to model because
small changes in volatility can provide important signals about the strength of price trends. Therefore,
the Hybrid GARCH-LSTM approach is still used to maximize the model's ability to combine short-term
volatility dynamics with long-term non-linear patterns.

Table 13. GARCH Model Evaluation on Gold Data
(a, B) AIC
(1,1 5360.63
2,1 5362.36
(1,2) 5362.38

Table 13 shows that the best volatility model was done by comparing several GARCH candidates.
Based on the lowest AIC value, GARCH (1, 1) was again the best model for Gold data. Although
parameters such as w, a, and £ are not statistically significant and have wide confidence intervals, this
is normal for assets with lower volatility and smoother movements than Bitcoin. Nevertheless, the
volatility output from GARCH remains useful as an additional feature in LSTM to distinguish between
trend-following and price consolidation periods.

In Figure 12, it can be seen that the predicted line in orange follows the actual data in blue very
well, especially during the long trending phase from early 2024 to mid-2025. The predictions appear
stable, smooth, and responsive, indicating that LSTM is capable of learning the gradual but consistent
price growth patterns of Gold.

When there was a surge in gold prices in mid-2025 triggered by increased demand for hedge
assets, the hybrid model successfully captured the acceleration of the trend accurately.
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Figure 12. GARCH-LSTM Hybrid Model for Gold

This indicates that even though gold volatility is calmer than Bitcoin, the volatility signals from
GARCH still help LSTM in adjusting the sensitivity of predictions to changes in market conditions.
Overall, the hybrid model's performance on gold data is consistent with findings on Bitcoin data,
producing predictions that are no more stable than non-hybrid models, with an RMSE value of 49.7434.

3.9. Interpretation

Table 14. Comparative study

Algoritma Model Dataset RMSE
ARIMA Bitcoin 2035.8041
ARIMA Gold 30.0767
ARIMA-GARCH Bitcoin 2034.55
ARIMA-GARCH Gold 30.0556
LSTM Bitcoin 37959114
LSTM Gold 58.0450
GARCH-LSTM Bitcoin 3205.3953
GARCH-LSTM Gold 49.7434

The results of the performance evaluation of the prediction model on Bitcoin data are shown
through the RMSE metric as presented in Table 14. In general, the hybrid approach shows better
performance than the single model on both types of asset data. In Bitcoin data, which has high volatility,
the ARIMA model was able to produce an RMSE of 2035.8041, while the integration of GARCH in
ARIMA produced a model with a relatively equivalent RMSE value of 2034.55. Although the difference
is not significant, the existence of the GARCH component plays a role in capturing conditional volatility
that is not modeled by pure ARIMA. Meanwhile, the LSTM model showed the highest RMSE value of
3795.9114, indicating the limitations of LSTM in modeling extreme fluctuations in crypto data.
Integrating GARCH into LSTM reduced the error to 3205.3953, indicating that the hybrid GARCH-
LSTM approach provides improved performance compared to pure LSTM.

For Gold data, the ARIMA model produced an RMSE of 30.0767, while the ARIMA-GARCH
model produced the lowest RMSE value of 30.0556. These results indicate that even though Gold's
volatility is relatively low compared to Bitcoin, GARCH integration still contributes positively to
prediction accuracy. The LSTM model again showed the lowest performance with an RMSE value of
58.0450, while the GARCH-LSTM model was able to reduce the RMSE value to 49.7434. Thus, the
results on the Gold data show that the hybrid approach is consistently superior to using non-hybrid
models.
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Figure 13. (a) Bitcoin and (b) Gold Residual Plot

Residual analysis was performed to evaluate the stability and characteristics of prediction errors
in both datasets, as shown in Figure 13. In the Bitcoin data, the residuals of the ARIMA and LSTM
models showed a fairly clear pattern of heteroscedasticity, marked by an increase in residual variance at
higher prediction values. A similar pattern also occurs in the Gold data, albeit with a smaller residual
scale. In contrast, the ARIMA-GARCH and GARCH-LSTM hybrid models show a more symmetrical
distribution of residuals around zero with relatively more controlled variance in both datasets. This
indicates that hybrid models are better able to capture volatility dynamics and produce more statistically
stable predictions.

Overall, the evaluation results on Bitcoin and Gold data show that the hybrid model approach
provides advantages over single models, especially in terms of prediction stability and residual
characteristics. In Bitcoin data, the ARIMA-GARCH model produces a slightly lower RMSE value
compared to the ARIMA model. However, GARCH integration still provides advantages in modeling
volatility, as reflected in a more controlled and symmetrical residual distribution. Meanwhile, in the
Gold data, the ARIMA-GARCH model consistently produced the lowest RMSE value compared to
ARIMA. In addition, the GARCH-LSTM model showed a significant improvement in performance
compared to LSTM in both datasets, both with high and relatively low volatility. These findings confirm
that separating the modeling of the mean and volatility components can improve the stability and
reliability of financial data predictions, even though the increase in numerical accuracy is not always
dominant across all assets.

4.  DISCUSSIONS

The analysis results show that the price movements of Bitcoin and Gold during the 2020-2025
period are characterized by unstable volatility changes over time. In some periods, price fluctuations
were relatively low, while in other periods, there were significant spikes, especially in the price of
Bitcoin. These rapidly changing market conditions meant that the ARIMA approach, which assumes
constant variance, was less effective in fully describing the dynamics of risk, even though the model
provided good AIC and BIC values.

These limitations indicate that time series modeling of financial data requires an approach that
not only focuses on modeling average price values but also represents time-varying volatility dynamics.
This aspect becomes increasingly important for assets with high volatility and those experiencing market
regime changes, such as those that occurred during the COVID-19 pandemic and the crypto winter
phase. Therefore, the use of models that consider volatility dynamics is relevant to support price
forecasting and risk analysis.

This study examines two hybrid approaches, namely ARIMA-GARCH and GARCH-LSTM, in
an effort to address these issues. The ARIMA-GARCH model combines linear modeling with volatility
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estimates that change over time, thereby providing a more stable picture of risk in the short term.
Meanwhile, the GARCH-LSTM model uses volatility information as additional input for the LSTM,
enabling this model to capture non-linear patterns and long-term relationships in price movements.
These differences in how they work demonstrate that two hybrid models have complementary functions
in modeling market dynamics.

Table 15. Comparative study
Author Dataset Method RMSE
Adam et al. (2024)[62] Goto.jk ARIMA 3.259
LSTM 3.843
Phung et al. (2023)[38] Bitcoin ARIMA 15380.68
ARIMA-GARCH 14142.99
Mutinda dan Langat Stock Airtel LSTM 3.9749
(2024)[63] GARCH-LSTM 0.2002
Proposed Method Gold ARIMA 30.07
ARIMA-GARCH 30.06
LSTM 58.04
GARCH-LSTM 49.74
Proposed Method Bitcoin ARIMA 2035.80
ARIMA-GARCH 2034.55
LSTM 3795.91
GARCH-LSTM 3205.40

To validate this study, a comparison was made with previous studies summarized in Table 15.
Previous studies show a consistent pattern that hybrid and deep learning models tend to produce better
prediction performance than pure ARIMA models. Phung et al. (2024) showed that ARIMA-GARCH
produced lower RMSE values than ARIMA on Bitcoin data. Mutinda and Langat (2024) also reported
that GARCH-LSTM provided better performance than single LSTM models. A similar RMSE
comparison pattern was also found in this study, where hybrid models tended to produce lower
prediction errors than single models. On the other hand, Adam et al. (2024) showed that GOTO.JK stock
data, the ARIMA model outperformed LSTM, indicating that model performance still depends on the
characteristics of data used.

It should be emphasized that the RMSE values between studies cannot be directly compared due
to differences in price scales, data periods, and the features and configurations of the models used. This
study uses the 2020-2025 time range, which covers periods of high volatility, so the forecasting
challenges faced are different from those in studies that use more stable data periods. Nevertheless, the
consistency of the RMSE comparison result shows that the hybrid approach consistently provides
relative performance improvements over single models in various data contexts.

Overall, this study shows that a hybrid approach combining statistical models and machine
learning can produce a forecasting framework that is more adaptive to changing market conditions. The
use of volatility information in the model learning process enables artificial intelligence-based
forecasting systems to represent risk dynamics more accurately. From an informatics perspective, this
study contributes to the development of a computational framework that integrates statistical modeling
and deep learning in complex financial time series analysis. This approach is relevant to support the
development of Al forecasting and risk analytics systems, both for assets with high volatility such as
Bitcoin and for relatively more stable assets such as Gold.
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5. CONCLUSION

This study reveals that the price dynamics of Bitcoin and Gold in the 2020-2025 period have non-
stationary patterns with high volatility, both of which have non-linear structures that are difficult to
capture by traditional statistical models or single models. The ARIMA model was used as a basic linear
approach, but ARIMA is only capable of recognizing short-term dependencies and produces limited
prediction performance. This is demonstrated by the RMSE values of 2035.80 for Bitcoin and 30.07 for
Gold, as well as the relatively high AIC values of 25265.35 and 12427.80 for the Bitcoin and Gold AR
s, respectively. ARIMA tends to flatten prediction patterns, especially when there are extreme
fluctuations in the data.

Meanwhile, deep learning-based models, such as LSTM, do not provide better results for long-
term patterns and non-linear relationships in the data. The RMSE values of the LSTM model for Bitcoin
and Gold are 3795.91 and 58.04, respectively. Based on these RMSE values, it can be seen that even
though the model has a long-term memory architecture, this method is still not sufficient to handle data
with high noise, such as extreme fluctuations in the data.

Conversely, the findings from this study using a hybrid approach reveal results that effectively
improve the model's performance in recognizing the movement patterns of both assets. Hybrid ARIMA-
GARCH shows an improvement in recognizing variance changes, with an RMSE of 2034.55 for Bitcoin
and 30.05 for Gold, as well as lower AIC values for both assets compared to ARIMA, namely 24003.65
for Bitcoin and 12432.64 for Gold. The most significant improvement in performance was seen in the
GARCH-LSTM model, especially for Gold data. The GARCH-LSTM model was able to utilize
information related to residual volatility from GARCH as an additional feature that was crucial for
LSTM training. The evaluation results indicate that the combination of neural network memory with
statistical volatility modeling successfully reduced the RMSE of Gold significantly to 49.7434.
Meanwhile, for models with extreme fluctuations such as Bitcoin, the GARCH-LSTM hybrid model
was able to reduce the error to 3205.40.

The main impact of this research is to provide a scalable contribution to deep learning-based asset
price movement prediction models. This research validates that hybrid architecture is a scalable
architecture for various asset characteristics by combining statistical components to understand volatility
information and deep learning components to capture complex non-linear patterns. Based on these
findings, further research is recommended to integrate the Transformer model and multivariate analysis
by adding exogenous variables, such as macroeconomic components and market sentiment, to improve
prediction accuracy.
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