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ABSTRACT

This study develops a Hybrid SARIMAX-LSTM model to improve the accuracy and
robustness of stock price forecasting in digital and volatile financial markets. The
model combines the linear and seasonal forecasting strengths of the Seasonal
Autoregressive Integrated Moving Average with Exogenous Variables (SARIMAX)
with the nonlinear learning capability of the Long Short-Term Memory (LSTM)
network. Using historical data from NVDIA Corporation, the hybrid framework was
optimized through smart weighting to balance the contribution of both components.
The results show that the model achieved a Root Mean Square Error (RMSE) of 8.59
and a coefficient of determination (R?) of 0.9166, indicating that over 91 percent of
price variance was accurately explained. Residual analysis confirmed unbiased
predictions with normally distributed errors, demonstrating high stability and
adaptability under volatile market conditions. Compared with individual models, the
hybrid approach produced smoother and more consistent forecasts. Overall, the
Hybrid SARIMAX-LSTM framework offers an interpretable and reliable tool for digital
market forecasting and Al-based financial decision-making.

Hybrid SARIMAX-LSTM, Stock Forecasting, Digital Markets, Artificial Intelligence,
Time Series

In recent years, the rapid digitalization of financial systems and the
expansion of algorithmic trading have reshaped the landscape of global
capital markets. The increasing reliance on digital trading platforms, real-
time data streams, and Al-driven analytics has elevated the importance
of accurate and adaptive forecasting methods for financial decision-
making. Stock price prediction, in particular, plays a critical role in digital
finance by enabling investors, portfolio managers, and automated
systems to anticipate market behavior and optimize asset allocation.
High-tech firms such as NVIDIA Corporation exemplify the volatility and
complexity of digital-era equities, where price fluctuations are driven not
only by macroeconomic factors but also by micro-level events, sentiment
dynamics, and technological innovation cycles. These challenges
demand predictive models that are capable of learning complex,
nonlinear relationships while maintaining transparency and reliability
across diverse market conditions

Traditional statistical models, such as the Autoregressive Integrated
Moving Average (ARIMA) and its seasonal extensions like SARIMA and
SARIMAX, have long been utilized for financial time series forecasting.
Their appeal lies in their interpretability, mathematical rigor, and ability to
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model autoregressive and moving average patterns within stationary
data . Numerous studies have demonstrated their utility in predicting
macroeconomic indicators, stock indices, and exchange rates. However,
these models exhibit structural limitations when applied to volatile and
nonlinear financial environments. They rely on linear assumptions and
fixed-lag dependencies, which restrict their ability to capture the complex
dynamics and sudden regime shifts common in modern stock markets.
As digital markets evolve with increasing data complexity and trading
frequency, the limitations of purely statistical approaches have become
more apparent.

In parallel, advances in Artificial Intelligence (Al) and Deep Learning (DL)
have revolutionized forecasting techniques by introducing models
capable of learning temporal dependencies directly from data. Among
these, the LSTM network has emerged as one of the most powerful
architectures for sequential data modeling. Studies have shown that
LSTM-based models outperform traditional time series methods in
capturing nonlinearities and temporal correlations in stock price data
While these models deliver superior predictive accuracy, they suffer from
notable limitations such as a lack of interpretability, the risk of overfitting,
and the need for large training datasets. Moreover, deep learning models
are often data-hungry and computationally intensive, which restricts their
scalability in real-world financial applications. These limitations underline
a key theoretical and practical challenge in the field: finding a balance
between the interpretability of statistical models and the adaptability of
Al-based methods.

The state of the art in financial forecasting reflects a growing interest in
hybrid modeling approaches that aim to integrate statistical and deep
learning techniques . Such models combine the structured
interpretability of econometric frameworks with the nonlinear pattern
recognition capabilities of neural networks. Prior research has highlighted
the effectiveness of hybrid ARIMA-LSTM and similar frameworks in
improving forecasting accuracy. However, existing studies have primarily
focused on generic time series or macroeconomic data rather than
technology-sector stocks that exhibit unique volatility characteristics.
Furthermore, most existing hybrid approaches employ static weighting
schemes between components, which limit their adaptability to changing
market regimes. The lack of dynamic hybrid models that can
automatically adjust their learning emphasis based on real-time
performance remains an unresolved gap in the literature = .

To address this gap, the present study introduces a Hybrid SARIMAX—
LSTM model designed to combine the advantages of both statistical and
deep learning approaches. The SARIMAX component captures long-
term dependencies, seasonal structures, and exogenous influences such
as market volume and volatility, while the LSTM component models
short-term nonlinear dynamics and rapid market fluctuations. A key
innovation in this framework is the incorporation of a smart weighting
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mechanism that dynamically adjusts the contribution of each component
according to their predictive accuracy. This ensures that the model
remains adaptive under varying market conditions. Using NVIDIA stock
data as a representative case of high-volatility digital assets, the model
is evaluated based on predictive accuracy, robustness, and residual
behavior. The results demonstrate that the hybrid system significantly
outperforms single-model benchmarks, achieving a high coefficient of
determination (R? = 0.9166) and a low Root Mean Square Error (RMSE
=8.59).

In summary, this study contributes to both the theoretical and practical
advancement of Al-assisted financial forecasting by providing an
interpretable and adaptive framework for stock price prediction in digital
markets. By bridging the gap between classical econometric modeling
and modern deep learning techniques, the Hybrid SARIMAX-LSTM
model offers a new methodological perspective for financial analytics. It
provides a robust foundation for further exploration of hybrid forecasting
architectures that can be applied to digital assets, cryptocurrencies, and
other complex financial instruments. The research findings not only
enhance academic understanding of hybrid time series modeling but also
deliver practical implications for investment strategy optimization and risk
management in the era of intelligent and data-driven financial systems.

Forecasting stock prices has been a central topic in financial research
due to its importance in investment strategy, risk management, and
policy decision-making. Traditional time series models such as the
Autoregressive Integrated Moving Average (ARIMA) and its seasonal
variant, SARIMA, have been extensively used for forecasting due to their
simplicity, interpretability, and solid statistical foundation ,
However, these linear models are limited in handling the nonlinear and
non-stationary characteristics of modern financial data, particularly in
volatile digital markets [~ . Their performance often deteriorates in the
presence of structural breaks, irregular trading patterns, and high-
frequency price movements, which are typical of technology sector
equities such as NVIDIA.

To overcome these challenges, machine learning and deep learning
models have emerged as powerful alternatives for financial time series
prediction , . Among these, the LSTM network has gained
significant attention for its ability to capture long-term dependencies and
nonlinear dynamics in sequential data . Comparative studies have
shown that LSTM-based architectures outperform traditional methods in
predicting stock indices and digital asset prices , . Nevertheless,
despite their superior performance, deep learning models are often
treated as black-box systems and can overfit when trained on limited
datasets, leading to reduced interpretability and unstable generalization
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To address these limitations, researchers have proposed hybrid
forecasting models that integrate statistical and deep learning
approaches, leveraging the strengths of both paradigms . In these
hybrid architectures, statistical models such as ARIMA or SARIMA
capture the linear components of the data, while LSTM or other neural
networks model the residual nonlinear patterns . Empirical evidence
shows that such hybrid approaches significantly improve prediction
accuracy and stability compared to standalone models . Forinstance,
hybrid ARIMA-LSTM frameworks have demonstrated superior
performance in forecasting exchange rates, commaodity prices, and stock
indices by effectively combining interpretability with flexibility

Recent studies have extended hybridization by incorporating exogenous
variables and dynamic weighting mechanisms to improve adaptability
under varying market conditions. These advancements enable the
models to adjust their learning focus based on volatility or structural
shifts, enhancing robustness and responsiveness . Despite these
improvements, few studies have specifically applied dynamically
weighted hybrid models to high-technology equities, which exhibit unique
volatility patterns driven by innovation cycles, investor sentiment, and
rapid information diffusion. This research gap underscores the need for
hybrid frameworks capable of balancing statistical trend modeling with
deep learning adaptability in real-time digital market environments.

In light of these developments, this study introduces a Hybrid SARIMAX—
LSTM model that integrates the Seasonal ARIMA model with Exogenous
Variables (SARIMAX) and the LSTM network into a single adaptive
framework. The model incorporates a smart weighting algorithm to
dynamically balance the linear and nonlinear components based on
predictive performance. Using NVIDIA stock price data as a
representative example of high-volatility digital assets, this research aims
to evaluate the hybrid model’s predictive accuracy, residual behavior,
and robustness compared to standalone approaches. By addressing the
limitations of existing forecasting methods, the study contributes to the
growing body of research on Al-driven financial forecasting, offering a
practical and interpretable approach for digital market prediction.

This study develops a Hybrid SARIMAX-LSTM model aimed at
improving the accuracy and stability of stock price forecasting in digital
and high-volatility financial markets. The proposed approach integrates
the SARIMAX and the LSTM neural network into a single adaptive
forecasting framework. The overall methodology follows a structured
sequence consisting of five main stages: data collection, data
preprocessing, model development, hybrid integration, and model
evaluation. These stages are illustrated in , Which presents the
sequential research workflow implemented in this study. The figure
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outlines the process beginning with data acquisition from the NASDAQ
database, followed by data transformation and stationarity testing,
development of the SARIMAX and LSTM models, dynamic weighting
integration, and final model validation. Each stage contributes to building
a robust hybrid forecasting system capable of capturing both linear and
nonlinear behaviors in NVIDIA’s stock price series.

Data Preprocessing Feature Engineering

Model Development

SARIMAX LSTM
X

Hybrid Model

i

Evaluation Metrics

‘ R* RMSE ‘

On

Research Step

The dataset used in this research comprises daily NVIDIA Corporation
stock prices obtained from official NASDAQ historical data covering the
period from January 2015 to December 2024. Each record includes
variables such as Date, Open, High, Low, Close, Adjusted Close, and
Volume. The closing price is used as the target variable because it
represents the market’s final valuation at the end of each trading session
and serves as a standard reference in financial forecasting. To enhance
predictive quality, three exogenous indicators were added: Volume,
reflecting investor trading activity; Momentum, calculated as the rate of
price change over a 14-day window; and Volatility, derived from the
rolling standard deviation of returns. These variables were integrated into
the SARIMAX model as external regressors to capture additional
dimensions of market dynamics.

Comprehensive data preprocessing was performed to prepare the
dataset for model training. Missing or duplicate values were removed,
and outliers were handled using z-score normalization with a threshold
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of 3. The Augmented Dickey—Fuller (ADF) test was used to verify
stationarity, and logarithmic transformation followed by first-order
differencing was applied when non-stationarity was detected. For the
deep learning component, feature normalization was carried out using
Min—Max scaling to map all values into the range [0, 1], which helps
maintain numerical stability during LSTM optimization. The dataset was
split chronologically into 80 percent training and 20 percent testing
subsets to avoid look-ahead bias. A 60-day sliding window was used to
form sequential input features for the LSTM model, allowing it to learn
temporal dependencies over time.

The SARIMAX model was employed to model the linear, seasonal, and
trend components of the stock price series. Its general mathematical
representation is given by:

Yt =c+ ¢1Yt—1 + ¢2Yt—2 + -+ ¢th_p + 91€t_1 + -+ Qqet_q + ﬁXL‘ + Eth (1)

is the closing price at time ¢, ¢;and 8;represent the autoregressive and
moving average coefficients, e,denotes the white noise term, and
pX.captures the effects of exogenous variables such as volume and
volatility. The model parameters (g)and seasonal components (s)were
selected using the auto_arima () function, minimizing the Akaike
Information Criterion (AIC). The optimal configuration was determined to
be SARIMAX (3,1,2) (1,1,1,5), providing the best fit and lowest residual
autocorrelation. This model effectively captures long-term trends and
cyclical structures within the data.

The LSTM model was developed to capture nonlinear and temporal
dependencies that cannot be represented by linear models. LSTM’s
internal structure is governed by a set of gating mechanisms that control
information flow through time. The model operates according to the
following set of equations:

fe= U(Wf[ht—l'xt] + bf)’ it = o(Wilhe—1,x¢] + bi)gt _
= tanh (W¢lhi—1, %] + be), Ce = ft * Ceq + iy * Crop 2)
= o(Wp[ht-1,%¢] + by), he = 0o * tanh (Cp)f

, i, and o;represent the forget, input, and output gates, respectively;
Wand bdenote weight matrices and bias vectors; and cand tanh are the
activation functions controlling information retention and output. The
LSTM network used in this study consisted of two layers with 64 and 32
units, followed by a dense output layer with a single neuron representing
the predicted closing price. The model was trained for 100 epochs using
the Adam optimizer with a learning rate of 0.001, employing Mean
Squared Error (MSE) as the loss function. To prevent overfitting, dropout
regularization (0.2) and early stopping based on validation loss were
applied.

Martin (2026) J. Digit. Mark. Digit. Curr. 120



Journal of Digital Market and Digital Currency

The outputs of both models were combined using a dynamic weighting
mechanism that adjusts the influence of each component based on
recent performance. The hybrid prediction Yyis computed as:

Yy =ws Y +w, -7 % (3)

and Y, denote the predictions from the SARIMAX and LSTM models, and
wsand w;represent their respective weights, constrained such that wg +
w; = 1. The weights are dynamically assigned according to the inverse
of the models’ recent RMSE values, ensuring higher weight for the more
accurate component. The weighting mechanism is expressed as:

3 1/RMSE; 3
~ (1/RMSEg) + (1/RMSE)’ " =
This adaptive mechanism enables the hybrid model to remain stable in

low-volatility periods while increasing responsiveness during sudden
price fluctuations.

1—ws (4)

Wg

Model evaluation was performed using several statistical measures to
ensure robustness and comparability. The RMSE were used to quantify
average prediction errors, the and the Coefficient of Determination (R?)
evaluated the explanatory power of the model. These metrics are
mathematically defined as:

n

1

RMSE = |- (= 9)?
=1 (5)

n _o)\2
Rz o2z Wi }’z_) .
L 0i-02”
and y,denote actual and predicted prices, and y’is the mean of actual
prices. In addition, a Trend Correlation Coefficient (TCC) was computed
to evaluate the consistency between predicted and actual directional
movements. Visual residual diagnostics, including residual plots and
error histograms, were employed to confirm that model predictions were
unbiased and homoscedastic.

The proposed Hybrid SARIMAX-LSTM methodology effectively merges
statistical interpretability and deep learning flexibility. The SARIMAX
component captures structured trends and seasonal dependencies,
while the LSTM component models nonlinear temporal variations. The
dynamic weighting mechanism ensures adaptability under changing
market conditions, resulting in a forecasting system that is both precise
and resilient. As illustrated in , the methodological workflow
demonstrates a systematic integration of statistical and Al-based
forecasting techniques to address the complexity of modern digital
financial markets.
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Algorithm 1: Hybrid SARIMAX-LSTM Stock Forecasting Model

Input:
Historical NVIDIA stock prices D = {(t;, y;, x;)}\=,, where y;is the closing price and x;includes
exogenous variables such as trading volume and volatility.

Output:
Final hybrid forecast ¥y

Process:
Start

Data Preprocessing:

The dataset is cleaned and transformed for stationarity using logarithmic differencing, then
normalized and split into training (80%) and testing (20%) sets. A 60-day sliding window is
created as input for the LSTM model.

yi —min (y')
max (y') —min (y')

yi =Vog (y)yi =
SARIMAX Modeling:

Optimal parameters (g)and (s)are selected by minimizing AIC. The model captures linear and
seasonal patterns using exogenous variables.
14 q

Y, =c+ Z b)Y + Z 0;€c—; + BX¢ + €Y = SARIMAX. predict(Dyest)

i=1 j=1
LSTM Modeling:

The LSTM network learns nonlinear temporal dependencies through sequential gate
operations and minimizes prediction error using MSE.

n
1 PN
MSE = EZ(YL' = 9)?Y, = fistm (Deest)
f=)

Hybrid Integration:

Both models are combined using dynamic weights based on inverse RMSE performance.
1/RMSE;

~ (1/RMSEy) + (1/RMSE,)

wy =1—=WsPp; =wWs-Jsi + W I

Ws

Evaluation:
Model accuracy is assessed using RMSE, MAE, MAPE, and R2. Trend correlation (TCC)
verifies directional consistency between actual and predicted trends.

1
RMSE = ;Z(Yi = u)%

X0 - Iu)?
X —y)?
signFu,ivr — Iu,i))

R2 =1 TCC = corr(sign(Vis1 — ¥i)

End

The proposed Hybrid SARIMAX-LSTM model exhibits exceptional
predictive performance in forecasting NVIDIA’s stock price movements.
The integration of SARIMAX and LSTM allows the model to capture both
the long-term linear dependencies and the nonlinear short-term
fluctuations that characterize high-tech financial markets. SARIMAX
provides the ability to model autoregressive and seasonal patterns,
ensuring that fundamental temporal structures and periodic behaviors are
preserved. Meanwhile, the LSTM component enhances adaptability by
learning complex temporal dependencies that arise from sudden market
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shocks, investor sentiment, and intraday volatility. This complementary
structure enables the hybrid system to generate consistent and realistic
forecasts even during periods of high market uncertainty.

From a quantitative standpoint ( ), the hybrid model achieved a
RMSE of 8.5925 and a coefficient of determination (R2) of 0.9166, which
indicates that it successfully explains approximately 91.66 percent of the
variance in actual NVIDIA stock prices during the testing period. The
smart weighting algorithm assigned 42 percent contribution to the
SARIMAX component and 58 percent to the LSTM network, illustrating
the dominant influence of the deep learning component in refining
nonlinear dynamics while maintaining trend stability. This balance
between statistical precision and neural adaptability is critical for financial
forecasting tasks, as it mitigates overfitting and enhances the model’s
robustness across varying levels of market volatility.

Model performance comparison between SARIMAX, LSTM, and Hybrid models

Model RMSE R? Weight Contribution
SARIMAX 17.91 0.72 0.42
LSTM 10.21 0.85 0.58

Smart Weighted (42% +
58%)

Hybrid SARIMAX-LSTM 8.59 0.92
The hybrid model demonstrated superior performance compared to both
individual models, achieving the lowest RMSE and the highest coefficient
of determination (R2). The SARIMAX model effectively captured NVIDIA’s
long-term or macro-level market trends by modeling sequential
dependencies and seasonal effects within the time series data. However,
SARIMAX alone struggled to respond to rapid changes in stock behavior
driven by short-term market events. In contrast, the LSTM component
exhibited a strong ability to capture these nonlinear, short-duration
fluctuations by learning temporal relationships directly from data without
requiring strict statistical assumptions. When combined, the two models
complemented each other’s limitations, producing forecasts that were not
only more accurate but also more stable across different levels of volatility
and trend shifts in the digital equity market.

The comparative forecast visualization presented in illustrates
that the red hybrid prediction line closely aligns with the black actual price
line throughout the testing period. This visual consistency indicates that
the hybrid framework successfully followed both upward and downward
market movements, including intense volatility phases between May and
September 2024. The SARIMAX component-maintained stability by
anchoring the long-term price trajectory, while the LSTM network
provided adaptive short-term corrections, allowing the model to adjust
quickly to market fluctuations. Together, these elements formed a
coherent and balanced predictive structure that accurately represented
NVIDIA’s real-world price dynamics, validating the hybrid approach as a
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robust forecasting strategy for digitally driven and data-intensive financial
environments.

—— Actual Price
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Forecast comparison between actual stock prices and model predictions
(SARIMAX, LSTM, and Hybrid)

The residual analysis, as presented in , provides critical insight
into the hybrid model’s forecasting accuracy and stability. The residuals,
defined as the difference between actual and predicted stock prices,
oscillate symmetrically around the zero baseline, which indicates that the
model does not systematically overestimate or underestimate the target
values. This symmetrical distribution demonstrates that prediction errors
are evenly balanced in both positive and negative directions, confirming
that the model’s learning process did not favor a specific bias during
training. Such behavior is essential in financial forecasting because
systematic bias can lead to consistent mispricing and poor risk
assessment in real-world trading applications.

Moreover, the majority of residual values remained within a range of
approximately +15 USD throughout the evaluation period, even during
episodes of heightened volatility in NVIDIA’s stock. This narrow and
stable dispersion suggests that the hybrid model possesses strong
robustness against noise and extreme market fluctuations. The
consistency of residual magnitudes implies that the model effectively
adapts to both gradual and abrupt changes in market behavior without
significant degradation in accuracy. From a practical standpoint, this level
of stability is crucial for algorithmic and data-driven trading systems, as it
minimizes prediction uncertainty under unpredictable financial conditions.

The error distribution histogram, shown in , further supports these
findings by revealing an approximately normal distribution centered
around zero. The near-symmetric and bell-shaped error curve indicates
that deviations from the actual prices are random rather than systematic,
confirming that the residuals are homoscedastic and independent of the
predicted price levels. The absence of noticeable skewness or heavy tails
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suggests that extreme outliers are rare and that the hybrid model
maintains consistent predictive performance across varying price ranges.
Collectively, the results from both the residual and distribution analyses
validate the model’s reliability, statistical soundness, and robustness,
demonstrating that it produces unbiased and stable predictions within the
complex and volatile structure of digital financial markets.
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time

20 -

[
(%]
|

Frequency
=
(=]

| | -

T T T T T
-15 - 0 5 10 15 20 25

Prediction Error

Error distribution histogram for the Hybrid SARIMAX-LSTM model

The goodness-of-fit analysis presented in provides strong
empirical evidence of the hybrid model’s predictive accuracy. The scatter
plot displays the relationship between actual and predicted stock prices,
with red data points clustering closely along the 45-degree reference line.
This tight alignment indicates a near-linear correspondence between the
model’s forecasts and real market outcomes. The distribution of points
around the diagonal line shows that the model effectively captured both
the level and direction of price movements, accurately reflecting market
dynamics across various periods. The coefficient of determination (R?),
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measured at 0.9166, quantitatively supports this observation by
confirming that approximately 91.66 percent of the total variation in
NVIDIA’s stock prices is successfully explained by the model. Such a high
degree of correlation demonstrates the hybrid system’s ability to replicate
complex temporal and behavioral patterns within the financial data.

Although the majority of the data points are tightly concentrated along the
reference line, minor deviations are observed at the upper end of the price
spectrum. These deviations correspond to short-lived volatility spikes that
occurred during mid-2024, coinciding with a rapid surge in the global
technology sector and increased investor speculation around
semiconductor and Al-related stocks. The presence of these small
deviations reflects the natural unpredictability inherent in financial
markets rather than structural model errors. Importantly, the overall
alignment remains consistent throughout the dataset, illustrating that the
model preserves its predictive strength even during unstable market
phases. Collectively, the results of the goodness-of-fit analysis confirm
that the Hybrid SARIMAX-LSTM model produces highly accurate and
resilient forecasts, capable of maintaining precision across both stable
and volatile digital market conditions.
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Scatter plot of actual versus predicted stock prices using the Hybrid
SARIMAX-LSTM model

Overall, the Hybrid SARIMAX-LSTM model demonstrates remarkable
stability, strong predictive precision, and high adaptability when applied
to complex and volatile financial time series data. The analysis of
residuals and performance metrics shows that the model maintains low
prediction errors across different market phases, indicating consistent
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reliability even under fluctuating trading conditions. The nearly zero mean
residuals suggest that the model produces forecasts without systematic
bias, ensuring that overestimations and underestimations balance each
other over time. Furthermore, the normal distribution of errors reinforces
the model’s statistical soundness, as it indicates that deviations from the
actual prices are random rather than concentrated in specific market
segments. This property is particularly valuable in financial forecasting,
where unbiased and homoscedastic prediction behavior minimizes the
risk of model-driven distortions in portfolio or trading strategies.

The model’s overall performance metrics further highlight its predictive
strength and generalization capacity. With an R2 value of 0.9166, the
model explains over ninety percent of the variation in NVIDIA’s actual
stock prices, while maintaining a low RMSE of 8.59, which reflects
minimal deviation between predicted and observed values. The trend
correlation coefficient of 0.88 confirms that the model not only tracks the
magnitude of price changes but also accurately captures the directional
movements of the market. This combination of precision and trend
awareness demonstrates the hybrid framework’s effectiveness in
representing both structural and dynamic aspects of financial data.
Therefore, the Hybrid SARIMAX-LSTM model can be considered a
robust and versatile forecasting tool, capable of supporting advanced
decision-making processes in Al-driven investment systems and digitally
mediated financial markets.

The results of this study indicate that the Hybrid SARIMAX-LSTM model
offers a powerful and reliable framework for predicting stock price
movements within digital and technology-driven markets. The
combination of the SARIMAX model, which effectively captures long-term
dependencies and seasonal trends, with the LSTM network, which excels
at identifying nonlinear short-term fluctuations, results in a highly
adaptive forecasting system. This integration allows the model to
maintain predictive accuracy across different volatility regimes and
market phases, from stable growth periods to abrupt fluctuations. The
achieved R2 value of 0.9166, along with a RMSE of 8.59, demonstrates
that the model can accurately replicate observed market behavior with
minimal deviation. Such performance suggests that the hybrid framework
not only captures deterministic trends within financial time series but also
adapts effectively to the stochastic components driven by investor
sentiment and external economic events. By balancing interpretability
and adaptability, the model bridges the gap between traditional
econometric forecasting and modern deep learning systems, contributing
to the broader development of explainable artificial intelligence in finance.

The empirical findings also highlight the broader implications of using
hybrid Al—statistical approaches for digital financial forecasting. The
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model’s robustness against noise, as evidenced by the symmetric
residuals and normal error distribution, confirms its suitability for high-
frequency and data-intensive trading environments. Its ability to sustain
predictive accuracy during volatile periods, such as the mid-2024
technology sector rally, underscores its potential for integration into
algorithmic trading systems, risk assessment frameworks, and portfolio
management tools. In practical terms, the hybrid model provides traders,
analysts, and policymakers with an intelligent tool that combines
predictive precision with interpretive transparency. From a theoretical
perspective, the success of the SARIMAX-LSTM framework reinforces
the idea that financial markets exhibit both linear and nonlinear dynamics
that cannot be captured fully by a single modeling paradigm. Future
extensions could enhance this approach by incorporating
macroeconomic indicators, sentiment variables, or attention-based
architectures to further improve forecasting accuracy and computational
efficiency. Overall, the findings confirm that hybrid models such as
SARIMAX-LSTM represent a promising direction for the evolution of Al-
assisted financial analytics, providing a robust and generalizable method
for forecasting within complex digital ecosystems.

The findings of this research demonstrate that the Hybrid SARIMAX-
LSTM model is an effective, accurate, and adaptable framework for
forecasting stock price movements in dynamic and digitally driven
financial markets. By integrating the linear and seasonal modeling
capabilities of the SARIMAX component with the nonlinear and temporal
learning strengths of the LSTM network, the hybrid approach successfully
captures both long-term structural dependencies and short-term volatility
patterns inherent in financial time series data. The model achieved a
RMSE of 8.59 and a coefficient of determination (R?) of 0.9166, indicating
a high level of predictive precision and consistency with actual market
behavior. The use of a smart weighting mechanism allowed the model to
balance the influence of both components adaptively, maintaining
performance stability even during periods of high volatility, such as the
mid-2024 technology stock surge. These results highlight the practical
and theoretical value of hybrid modeling in bridging traditional
econometric approaches with modern artificial intelligence techniques.
From a practical standpoint, the model’s unbiased residuals, normal error
distribution, and high trend correlation make it suitable for real-world
applications in algorithmic trading, risk management, and investment
decision support. Theoretically, the research contributes to the growing
understanding of hybrid Al-statistical integration as a viable pathway
toward explainable and data-efficient financial forecasting. Future studies
could enhance this framework by incorporating macroeconomic
indicators, sentiment analysis, or alternative neural architectures such as
Transformers to further improve adaptability and scalability. Overall, the
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Hybrid SARIMAX-LSTM model provides a reliable foundation for
advancing predictive analytics in digital finance, offering both
methodological rigor and practical relevance for the evolving landscape
of Al-driven market forecasting.
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