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Abstract

This study examines the predictive performance of Long Short-Term Memory (LSTM) neural networks in forecasting
stock prices, focusing on Apple Inc. (2010-2025) and comparing results with traditional models. The novelty lies in (1)
dynamic training optimization using EarlyStopping and ReducelLROnPIlateau, (2) a fully documented LSTM workflow
with UML modeling for reproducibility, and (3), a 60-day forward iterative simulation. To assess generalizability, the
same model was applied to Microsoft (MSFT) via transfer learning, confirming robust cross-asset performance.
Sensitivity analyses and stress tests during events such as COVID-19, highlight both the strengths and limitations.
Using SHAP (SHapley Additive exPlanations), the study enhances interpretability by identifying key historical patterns
that influence forecasts.

Results show high predictive accuracy (RMSE = 3.17, MAE = 2.61, R?2 = 0.9537, MAPE = 3.03%, SMAPE = 3.10%) and
superior performance to ARIMA and SVR. Financial indicators, including hit ratio and Sharpe ratio above unity,
confirm strong directional and risk-adjusted outcomes. The study underscores the growing relevance of Al-based
forecasting compared with traditional econometric models (e.g., ARIMA, GARCH) in volatile markets and recommmends
incorporating sentiment or macroeconomic variables to enhance robustness. All code and workflows are publicly
available on GitHub: https://github.com/najlae195/LSTM-Model.git.
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1. Introduction

Financial markets are often viewed as rational and
efficient, yet real-world price dynamics frequently
diverge from this ideal due to volatility, global
interconnections, and sensitivity to crises and
sentiment. Traditional econometric models such as
ARIMA, GARCH, and VAR have long been used
for forecasting, but their assumptions of linearity,
stationarity, and normality limit their effectiveness in
complex, non-stationary environments.

Advances in deep learning, particularly Long
Short-Term Memory (LSTM) networks, offer a more
flexible alternative capable of capturing nonlinear
patterns and long-term dependencies in sequential
financial data. This study develops an LSTM
model trained on Apple stock prices (2010-2025)
and evaluates its generalizability through transfer
learning to Microsoft. Model robustness is examined
during market stress periods such as COVID-19, and
interpretability is addressed through SHAP analysis to
reveal the historical price patterns most influential to
predictions.
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While hybrid models like CNN-LSTM or LSTM-
XGBoost often achieve strong accuracy, they remain
limited by complexity and lack of transparency. The
proposed LSTM-SHAP approach prioritizes both
predictive performance and interpretability, linking
temporal dependencies to financial principles such as
momentum and mean reversion. This contributes to
more transparent and operational forecasting tools for
trading, portfolio management, and risk assessment.

Thestudyalsofillsseveralgapsintheliterature:short
time horizons, limited cross-asset testing, insufficient
overfitting control, and weak interpretability. Unlike
earlier single-asset analyses, this work introduces a
long-horizon, multi-asset framework supported by
UML workflow modeling, regularization (Dropout,
EarlyStopping, ReduceLROnPlateau), and a 60-day
forward simulation to approximate real-world
scenarios. Beyond statistical accuracy, economic
relevance is assessed through the hit ratio and Sharpe
ratio.

To guide the investigation,
hypotheses are proposed:

the following

H1: The LSTM model does not significantly
outperform traditional forecasting models (ARIMA
and SVR).

H2: The LSTM model significantly outperforms
traditional forecasting models (ARIMA and SVR).

These hypotheses lead to the following research
questions:

RQ1: How does the predictive accuracy of the LSTM
model compared to ARIMA and SVR?

RQ2: Can the LSTM more effectively capture
nonlinear patterns and long-term dependencies in
the financial time series?

RQ3: Do evaluation metrics (RMSE, MAE, MAPE,
R?) and financial indicators (hit ratio, Sharpe ratio)
show significant improvement when using LSTM
over traditional models?

The remainder of the article is structured as
follows: Section 2 reviews the theoretical foundations
of financial forecasting and the limitations of
conventional econometric approaches. Section 3
presents the empirical methodology, including the
UML-based workflow, LSTM design, training
procedure, and evaluation framework. Section 4
discusses the empirical results, interpretability
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analysis, and comparative findings. Finally, Section 5
concludes with implications, limitations, and
recommendations for future research.

Ultimately, this study contributes to the ongoing
redefinition of financial forecasting paradigms,
demonstrating how the integration of deep learning
and interpretability tools such as SHAP can foster
more transparent, adaptive, and informed decision-
making in increasingly uncertain financial markets.

2. Literature Review

Forecasting financial asset prices remains a central
challenge in modern finance. While traditional
econometric models such as ARIMA and GARCH
have long dominated this field, they struggle to
effectively capture the non-linearity, volatility, and
complex dynamics inherent to financial markets.
These limitations have paved the way for the growing
adoption of machine learning and deep learning
techniques, which offer more flexible and data-driven
approaches. Among these, Long Short-Term Memory
(LSTM) networks have emerged as particularly
powerful tools for time series forecasting due to their
ability to retain long-term dependencies and uncover
hidden patterns in noisy, non-stationary data.

Traditional time series models such as ARIMA and
GARCH, while widely used, have well-documented
limitations. ARIMA models, for example, are
inherently linear and rely on the assumption of
stationarity (Box & Jenkins, 1976). Financial time series
often exhibit nonlinear behaviors, regime shifts, and
structural breaks that ARIMA cannot accommodate
(De Gooijer & Hyndman, 2006). Moreover, ARIMA
is purely autoregressive and cannot account for
exogenous variables or contextual features, which are
often crucial in financial forecasting (Zhang, 2003).
Similarly, GARCH models (Bollerslev, 1986), designed
to capture time-varying volatility, have difficulty
modeling sudden market shocks or extreme events
(Engle, 2001) and often assume conditional normality,
which is frequently violated in empirical financial data
(Cont, 2001). Even advanced variants like EGARCH or
TGARCH increase flexibility but remain constrained
by rigid assumptions and sensitivity to parameter
selection (Taylor, 2008).

These constraints have motivated the exploration
of machine learning and deep learning approaches
such as LSTM, which can capture nonlinear
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dependencies and model long-term memory effects
in sequential data (Bao et al., 2017; Fischer & Krauss,
2018). A comprehensive benchmarking study by
Almahfouz et al. (2021) compared ARIMA, GARCH,
traditional machine learning models (SVM, Random
Forest), and deep learning models (LSTM, GRU) using
historical S&P 500 data. Their findings reaffirmed the
superiority of deep learning models, with LSTM and
GRU achieving RMSE values below 0.02, compared
with 0.035 for ARIMA and 0.029 for GARCH, and
showing better adaptability to regime shifts and
volatility.

From a theoretical perspective, the evolution
of financial forecasting is informed by the Efficient
Market Hypothesis (EMH), which posits that asset
prices fully reflect all available information. Under
this paradigm, forecasting would be ineffective.
However, numerous critiques, particularly during
market stress, have shown that markets are not
always fully efficient. Behavioral finance further
highlights the role of cognitive and emotional biases,
contributing to anomalies, bubbles, and panic-driven
sell-offs, suggesting that short-term predictability can
exist.

Additionally, the work of Bollerslev (1986), who
introduced the GARCH model, remains foundational
for understanding volatility in financial markets. His
contributions underscore the importance of volatility
modeling in assessing financial risk, complementing
insights from machine learning approaches. At a
broader level, Singh and Arora (2024) conducted a
bibliometric analysis of over 300 peer-reviewed papers
(2000-2023) and found a clear shift from linear models
to machine learning and deep learning approaches,
with LSTM used in over 40% of studies since 2020.
They also highlighted the rise of hybrid models such
as LSTM-XGBoost, which combine convolutional
feature extraction with temporal modeling to improve
predictive capability in volatile markets.

Although hybrid deep-learning configurations
such as CNN-LSTM or LSTM-XGBoost frequently
report gains in point-wise accuracy (Sezer et al., 2019;
Lan et al., 2024), they introduce important practical
trade-offs that limit their suitability for production
financial forecasting. In particular, the addition of
convolutional or boosting components substantially
increases model complexity and computational cost,
complicates hyperparameter tuning, and reduces
transparency for end users and risk-control teams. For
these reasons, and because our objectives explicitly
prioritize  reproducibility and interpretability
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alongside predictive performance, we deliberately
adopt a pure LSTM architecture: this choice preserves
the capacity to model long-term temporal dependencies
while keeping the pipeline more tractable, easier to
document (UML), and faster to reproduce across assets
via transfer learning. Concerning interpretability, we
selected SHAP (SHapley Additive exPlanations) after
comparing alternative approaches notably LIME
(Ribeiro et al., 2016) and attention-based methods
because SHAP offers a model-agnostic, theoretically
grounded attribution framework with consistent local
and global explanations (Lundberg & Lee, 2017; Vimbi
et al., 2023). Unlike LIME, whose perturbation-based
local approximations can be unstable across different
samples, SHAP’s connections to cooperative game
theory provide axiomatic guarantees (additivity,
consistency) that strengthen the interpretability
claims. Attention visualizations, while useful within
specific architectures, are architecture-dependent and
may not yield comparable importance scores across
models; SHAP, by contrast, enables cross-model and
cross-asset comparisons of feature importance and
temporality. Taken together, these design choices
(pure LSTM + SHAP) reflect a deliberate balance:
preserving competitive predictive accuracy while
maximizing transparency, reproducibility, and
operational feasibility for real-world financial use.

Overall, recent literature such as Kehinde (2023)
confirms the dominance of deep learning, particularly
LSTM and GRU, in financial forecasting. Their ability
to model complex, nonlinear, and time-dependent
relationships gives them an advantage over traditional
methods. These capabilities are enhanced when
models incorporate alternative data sources, such
as market sentiment and economic news, or when
used in hybrid architectures. Nevertheless, Namini
(2018) highlighted persistent challenges, including
limited cross-asset generalization, the need for more
robust evaluation methods, and better incorporation
of operational constraints such as latency and data
sparsity.

In parallel with accuracy improvements, recent
research emphasizes the importance of interpretability
in complex models, particularly in finance. SHapley
Additive exPlanations (SHAP) (Lundberg & Lee,
2017) offers a framework for decomposing predictions
into additive contributions of individual features,
providing both global and local interpretability. In
financial forecasting, SHAP can verify whether model
decision-making aligns with economic logic—such
as the dominance of recent lagged returns or the
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influence of volatility and sentiment—and can detect
shifts in feature importance across market regimes.

Empirical applications demonstrate SHAP’s value
with LSTM-based models. Sun and Li (2025) combined
time-partitioned investor sentiment with LSTM and
used SHAP to quantify the marginal contribution
of intraday and post-market sentiment metrics,
uncovering temporally varying feature relevance.
Idrees et al. (2025) applied SHAP to an attention-
enhanced LSTM, confirming that predictions were
driven mainly by recent price lags and key technical
indicators, while also detecting potential overfitting
when economically unintuitive features gained
importance. Methodological innovations such
as Vector SHAP (Choi et al., 2025) further refine
attribution by grouping lagged inputs, reducing
complexity for time series. Beyond equities, Badar et
al. (2025) showed similar benefits in cryptocurrency
forecasting using CNN-LSTM hybrids, where SHAP
identified regime-specific feature influences that
guided model refinement.

Collectively, these studies position SHAP not only
as a post-hoc explanation tool but also as a feedback
mechanism for model development, validation,
and risk management. By linking accuracy with
transparent decision-making, SHAP-enhanced LSTM
models satisfy both performance and accountability
requirements in trading and investment contexts.

Taken together, these theoretical and empirical
contributions strongly support the integration of
deep learning models into financial forecasting
workflows. The transition from classical models to
hybrid and deep learning-based methods reflects a
broader evolution in the field. As the next step, this
study applies an LSTM model to forecast Apple Inc.
stock prices, evaluating its real-world performance,
adaptability, and operational limitations.

Despite the progress of deep learning in financial
forecasting, several research gaps remain. Most
studies focus on short time horizons or single-asset
datasets, limiting generalizability. Moreover, few
works systematically evaluate model robustness
during crisis periods or provide transparent
interpretability frameworks. This study addresses
these gaps by conducting a long-horizon forecast on a
15-year dataset, testing cross-asset generalization, and
integrating SHAP analysis to enhance interpretability.

Unlike earlier studies that often evaluate LSTM
models in isolation or on limited datasets, the present
work introduces several differentiating aspects. It
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systematically integrates regularization (Dropout,
EarlyStopping), transfer learning for cross-asset
generalization, and SHAP-based interpretability,
offering a transparent and reproducible forecasting
framework.  This  holistic = combination  of
methodological rigor, interpretability, and empirical
validation distinguishes the study from previous
LSTM-based research in financial forecasting.

3. Methodology

This section presents the practical implementation of
the LSTM model developed to forecast financial asset
prices using historical stock data from Apple (AAPL).
Apple Inc. was selected not only for its high liquidity
and extensive data availability but also because
it represents a benchmark technology stock that
serves as a market archetype for innovation-driven,
large-cap equities. To evaluate model transferability
across similar firms, Microsoft (MSFT), another
major technology-sector leader, was included as a
secondary case. This allows assessment of cross-asset
generalization within the same industry segment.

We constructed an LSTM neural network
designed to predict daily closing prices based on
historical sequences. The primary training dataset
consists of Apple prices from 2010 to 2025. The
same architecture and training procedure were then
applied to Microsoft data to examine whether the
model generalizes beyond the initial asset. Although
this study focuses on equities, future work may extend
the analysis to other asset classes (commodities, fixed
income, cryptocurrencies) to enhance generalizability
across diverse market structures.

Hyperparameters were tuned by testing multiple
lookback windows (30, 60, 90 days) and learning rates
(0.0001 to 0.001). The optimal configuration 60-day
lookback and a 0.0005 learning rate provided the best
balance between accuracy and training stability. For
the 60-day forward forecasting experiment, a 90-day
lookback was used to incorporate broader temporal
context within the iterative prediction loop; this
deviation is explicitly noted to ensure methodological
transparency. To avoid over-tuning, hyperparameters
were optimized within conservative bounds and
validated across several subperiods, ensuring
robustness under varying market regimes rather than
adaptation to a single time frame.

Robustness was further evaluated around
structural breaks, notably the COVID-19 market
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crash in March 2020. Error rates increased during
crisis conditions, indicating that including exogenous
variables such as macroeconomic indicators, volatility
indices, or news-based sentiment could enhance
resilience. These additions are recommended for
future extensions.

To address interpretability, often a limitation of
deep learning, we applied SHAP (SHapley Additive
exPlanations) to quantify the marginal contribution
of each input feature. In a univariate time series,
each feature corresponds to a lagged observation.
Results showed that the most recent 10-15 days carry
the highest predictive influence, consistent with
market memory and short-term momentum effects.
While SHAP provides consistent local and global
explanations, we acknowledge that correlated lagged
features can diffuse attribution scores, a known
limitation discussed in the literature and noted in the
analysis.

The dataset spans multiple market phases from
post-crisis recovery to pandemic-induced volatility,
providing a rich testing ground for assessing model
performance under diverse conditions. To mitigate
data snooping and lookahead bias, all transformations
were performed using only information available
prior to each prediction date, ensuring chronological
integrity.

A fixed chronological train/test split was selected
instead of temporal cross-validation (e.g., rolling
windows). This choice reflects real-world forecasting
conditions in which future data is unavailable during
training. Although temporal cross-validation can
provide more granular robustness insights, the fixed
split better mirrors operational forecasting settings.
The trade-offs and limitations of this decision are
explicitly discussed in the conclusion section.

Retraining sensitivity was also assessed by
updating the model quarterly and annually. Moderate
intervals (every 3-6 months) preserved predictive
stability without imposing excessive computational
overhead, suggesting that frequent retraining is
unnecessary for large-cap assets with stable long-term
patterns.

Before predictive modeling, descriptive statistics
of the Apple dataset (2010-2025) were computed to
characterize the central tendency, dispersion, and
range of prices. This analysis contextualizes volatility
levels, supports interpretation of forecast errors,
and verifies data quality before normalization and
transformation. For this study, we analyzed the daily
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Table 1. Descriptive statistics of Apple stock closing prices
(2010-2025)

Metric Value
Mean Price $142.78
Standard Deviation $36.52
Minimum Price $54.12
Maximum Price $198.87

Source: Author elaboration

closing prices of Apple Inc. stock between 2010 and
2025. The results are summarized below.

These descriptive insights provide a baseline for
interpreting error metrics relative to the asset’s price
range and validate the dataset prior to model training.

The LSTM predictions were compared with
actual market values using standard statistical metrics:
RMSE, MAE, MAPE, R? and SMAPE. To evaluate
economic relevance not just numerical precision two
financial performance indicators were added:

e Hit ratio, which measures the model’s directional
accuracy.

e Sharperatio, which assesses risk-adjusted returns
for a hypothetical trading strategy based on model
forecasts.

Integrating both statistical and financial
indicators provides a multidimensional performance
evaluation aligned with real-world decision-making
under uncertainty.

Because the dataset is time-ordered rather than
class-imbalanced, preprocessing steps focused on
ensuring temporal consistency: filling gaps for market
holidays, smoothing extreme outliers, and applying
MinMax scaling. These steps help preserve the
underlying structure of financial time series.

Finally, the obtained results are critically analyzed
to identify contributions, limitations, and directions
for improvement. To ensure full reproducibility, all
Python scripts, model architectures, and training
workflows are publicly accessible on GitHub at:
https://github.com/najlae195/LSTM-Model.git
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Table 2. LSTM model construction
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Layer Type Parameters Details

1 LSTM units=LSTM_UNITS,return_ First LSTM layer processes input sequences;
sequences=True, input_ outputs full sequence
shape=(SEQUENCE_LENGTH, 1)

2 Dropout rate=0.2 Regularization to prevent overfitting

3 LSTM units=LSTM_UNITS, return_ Second LSTM layer builds on previous output
sequences=True

4 Dropout rate=0.2 Regularization

5 LSTM units=LSTM_UNITS, return_ Third LSTM layer outputs final summary
sequences=False vector

6 Dropout rate=0.2 Regularization

7 Dense units=1 Fully connected output layer for single-step

price prediction
Compilation optimizer=Adam(learning_rate=0.001), Model compiled with Adam optimizer and

loss='mean_squared_error’

MSE loss

Source: Author elaboration (based on python implementation)

3.1. Model Architecture

The forecasting model developed in this study (Figure
1) follows a sequential deep learning architecture
in which each layer directly feeds into the next.
This hierarchical structure enables the progressive
transformation of input data and facilitates the
extraction of complex temporal patterns characteristic
of financial time series.

At the core of the model are three stacked Long
Short-Term Memory (LSTM) layers, chosen for their
ability to retain long-range dependencies through
gating mechanismsnamelytheinput, forget,and output
gates that dynamically regulate information flow
over time. A three-layer configuration was selected
following empirical testing and aligns with prior
successful implementations in financial forecasting
(e.g., Smith et al., 2023; Jones & Brown, 2024). This
depth was found to offer an optimal balance between
expressive power and risk of overfitting, effectively
modeling nonlinearities and long-term temporal
structure without excessive parameter inflation.

To mitigate overfitting, dropout layers (rate =
0.2) were inserted after each LSTM block, randomly
deactivating 20% of neurons at each training iteration.
This regularization strategy encourages the formation
of more robust internal representations and reduces
co-adaptation among neurons.

The final output is generated by a Dense layer with
a single neuron, producing the predicted closing price

for the subsequent time step. This fully connected layer
serves as the interface between the model’s internal
feature representations and its numerical prediction.

Given the complexity of deep learning models
relative to the size of financial datasets, we applied
several regularization techniques to prevent
overfitting. These include dropout between recurrent
layers, EarlyStopping to halt training when validation
loss stagnates, and optimization of learning rate,
batch size, and lookback window through grid search
combined with time-based validation splits. The
stability of the final configuration was further verified
via transfer learning experiments between Apple and
Microsoft stocks.

3.2. Model Training

The dataset was structured to maintain a balanced
temporal representation across the 2010-2025 horizon,
ensuring that no particular market regime dominated
the training process. Episodes of extreme volatility,
such as the COVID-19 collapse, were deliberately
retained to preserve the dataset’s realism and stress-
testing capacity. No synthetic resampling techniques
were applied, as financial time series are inherently
sequential and such methods risk distorting temporal
dynamics. Instead, normalization and chronological
data partitioning ensured consistent scaling and
temporal integrity.
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Data were divided into an 80% training set and
20% test set, with a portion of the training set allocated
to validation via the wvalidation_split parameter.
This design supports real-time monitoring of model
performance during learning.

Unlike some studies that employ temporal cross-
validation, this research adopted a fixed chronological
split to simulate realistic forecasting conditions in
which future data are unavailable at training time.
Although methods such as time-series split can
provide more comprehensive robustness assessments,
they substantially increase computational cost for
deep architectures. The implications of this choice are
discussed in the limitations section.

Two key callbacks were integrated:

e EarlyStopping: Automatically halts training
when validation loss fails to improve for 10
consecutive epochs, preventing overfitting. The
parameter restore_best_weights=True ensures
retention of the best-performing model instance.

¢ ReduceLROnPlateau: Dynamically lowers the
learning rate by a factor of 0.5 when validation
loss stagnates, enabling finer optimization and
preventing premature convergence.

Model training is implemented using model.fit(),
with configuration parameters including:

e EPOCHS

e BATCH_SIZE

e VALIDATION_SPLIT
e List of callbacks

This combination of structured temporal
data, robust regularization, and adaptive learning
mechanisms ensures a stable training process and
strong generalization capability—key requirements
for financial forecasting applications.

3.3. Training Monitoring

Monitoring the training process is a critical
phase in the implementation of a deep learning
model, particularly to ensure that the network is
learning effectively without falling into the pitfalls
of overfitting or underfitting. In this project,
training performance was tracked by displaying
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the loss function after each training epoch, for both
the training and validation sets.

Two regularization mechanisms, EarlyStopping
and ReduceLROnPlateau, were integrated to enhance
the robustness of the process. The following graph
illustrates how the training and validation losses
evolved throughout the entire learning process.

We observe that the training loss curve (in blue)
decreases gradually and steadily over the epochs,
reaching a very low level by the end of training.
This indicates that the model effectively captures
the structure of the input data. The validation loss
curve (in orange) follows a similar trend, with a sharp
decrease during the initial iterations as a typical sign
of a good learning start. It then stabilizes at a low level,
with moderate oscillations, which is common in deep
learning due to sensitivity to mini-batches or gradient
fluctuations.

The absence of divergence between the two
curves reflects a well-balanced trade-off between bias
and variance. The model demonstrates strong
generalization capabilities with no apparent signs of
overfitting, which validates the appropriateness of
the chosen architecture and the effectiveness of the
regularization strategies employed. This favorable
behavior is further confirmed by the evaluation
metrics presented later in the report.

3.4. Evaluation Metrics

To evaluate the performance of the LSTM model, the
following metrics were used:

e MSE (Means Squared Error)
1 n
MSE = = (i =9’ O
i=1

yi: actual observed value at time i
yi: predicted value at time i

n: total number of observations

MSE is a risk function, corresponding to the expected
value of the squared error loss. It's a measure of the
quality of an estimator. As it is derived from the square
of Euclidean distance, it is always a positive value that
decreases as the error approaches zero.
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Table 3. Model training

Category Item/Parameter Value/Description
Early_stopping Stops training if val_loss does not improve for 10 epochs. Restores
best weights.
-Monitor val_loss
-Patience 10
-Restore best weights True
Callbacks -Verbose 1
Configuration Reduce_Ir Reduces learning rate if val_loss does not improve for 5 epochs.
val_loss
-Monitor 0.5
-Factor 5
-Patience 0.0001
-Minimum learning rate
-Verbose 1
history Stores training history
-Model Mode1
-Training Data (X) x_train
-Training Data (Y) y_train

Model Training

-Epochs

-Batch Size
-Validation Split
-Callbacks
-Verbose

EPOCHS (variable)
BATCH_SIZE (variable)
VALIDATION_SPLIT (variable)
[early_stopping, reduce_Ir]

1

Training Status

Messages

Start Message
Callbacks Configured
Training Start
Training End

“callback configurations...”
“Callbacks Configured”

Start training (EPOCHS) epochs...”
End of the training

Source: Authors’ elaboration (based on python implementation)

Loss

0.8}

0.6}

0.4}

0.2t

0.0

.

Model Loss Evolution

i i i

Training Loss
Vahdation Loss

Figure 1. LSTM model learning curve
Source: Authors' elaboration (python, 2025)

15 20 25

Epochs

a5
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¢ RMSE (Root Mean Squared Error)

RMSE = )

yi: actual observed value at time i
¥i: predicted value at time i

n: total number of observations

A statistical indicator used to assess the accuracy
of a forecasting model, RMSE squares the prediction
errors, which amplifies the impact of large deviations.
A low RMSE indicates strong model performance,
suggesting that predictions closely match actual
values.

e MAE (Mean Absolute Error)
n
1 ~
MAE = EZD’L' - ¥l (3)
i=1

The Mean Absolute Error (MAE) indicates how
many units, on average, the model’s predictions deviate
from the actual values, making it highly interpretable
for analysts. A low MAE value reflects strong overall
accuracy, emphasizing the model’s consistent closeness
to real observations without overstating the impact of
occasional outliers.

e R2Score

e i =9 )2
2 === -7 4
K ! 7{;1()’1' 37)2 ()

yi: actual observed value at time i
¥i: predicted value at time i
¥: mean of observed values

n: total number of observations

Measures the proportion of the total variance in
the observed data that is captured by the model’s
predictions. A higher R2 value signifies that the model
successfully explains a larger share of the variability in
the data, reinforcing its usefulness in forecasting and
decision-making tasks.

— 10
e MAPE (Mean Absolute Percentage Error)
100% < y
MAPE = °Z|y‘ y‘| (5)
ol

yi: actual observed value at time i
Vi: predicted value at time i

n: total number of observations

Expresses the average error between predictions
and actual values as a percentage of the actual
values. This metric has the advantage of being unit-
independent, making it especially useful for comparing
model performance across different assets or time
periods.

e SMAPE (Symmetric Mean Absolute Percentage
Error)

n
1 | i = il
SMAPE = — ) ——F 7+ 6
nlitonz @
yi: actual observed value at time i

yi: predicted value at time i

n: total number of observations

This formula calculates the absolute difference
between the actual and forecasted values and then
divides it by the average of their absolute values.

e Sharpe ratio

RP_Rf

Op

Sharpe Ratio = 7)
Rp =return of portfolio
Rf =risk-free rate

op=standard deviation of the portfolio’s excess
return

The ratio’s numerator is the difference between
realized, or expected, returns
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Table 4. Prediction and visualization

Category Item/Parameter Value/Description
Prediction Process Start message Prediction generation

Scaled predictions y_pred_scaled = model.predict(X_test, verbose=0)
Denormalization Predicted values y_pred = scaler.inverse_transform(y_pred_scaled)

Actual values y_test_actual = scaler.inverse_transform(y_test.reshape(-1, 1))
Status message Completion message Generated Denormalized prediction

Source: Authors' elaboration (based on python implementation)

Actual and Predicted Apple Stock Prices Using LSTM

Actual Price

= Predicted Price
400

350

Price (USD)
al
[ =]
(=]

P
un
=

2001

150

_P'»q‘ _P"I? _Pﬂ?' ,.'6':" _fgf’ EE;\? Ap"’ﬁ
Date
Figure 3. Actual and predicted Apple stock prices using LSTM
Source: Authors' elaboration (python, 2025)
* Hitratio 3.5. UML Modelisation
number of correct directional predictions
Hit ratio = — (8)
total number of predictions 4. Results
Where: 4.1. Results from Actual Analysis

Number of correct directional predictions: It
counts how many times your model correctly predicted
the direction of change.

This code block is dedicated to the prediction phase
on the test dataset, a crucial step for evaluating the

performance of the LSTM model.
Total number of predictions: the number of time

. First, the model generates predictions based
steps you predicted ’ & p

on the test inputs (X_test), producing normalized

Measures the proportion of times your prediction  values (y_pred_scaled). These predictions are
correctly anticipates the direction of change in a  then denormalized using the same MinMax
Variable, like stock prices, exchange rates, or market scaler apphed during preprocessing’ in order to
indices. recover the actual values in dollars (y_pred). Similarly,
the actual values from the test set (y_test) are also
transformed back to their original scale (y_test_actual),
allowing for a direct and meaningful comparison
between predicted and real prices.
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Table 5. Evaluation metrics results for the APPLE LSTM model

Metric Value Interpretation

RMSE $7.03 On average, the predictions deviate by $7.03 from the actual values.

MAE $5.50 The average absolute error is $5.50, indicating high daily accuracy.

R2? 0.9537 The model explains 95.37% of the price variance, reflecting excellent generalization capability.

MAPE 3.03% The average percentage error is very low, indicating predictions are closely aligned with real
values.

SMAPE 3.10% The symmetric percentage error is also very low, confirming balanced accuracy for both over-

and under-predictions.

Sharpe ratio 1.23

Indicative of strong risk-adjusted performance.

Hit ratio 0.68

The model correctly predicts the direction of price movement in 68% of cases.

Source: Authors' elaboration (based on python implementation)

This approach, illustrated in Figure 4, enables
the evaluation of the model’s prediction accuracy by
comparing its outputs to actual values over a historical
period not used during training.

Based on this comparison, evaluation metrics such
as RMSE, MAE, and R? are computed, providing
quantitative insight into the model’s performance.
Additionally, comparative visualizations between
actual and predicted Apple stock prices are generated
to offer a more intuitive assessment of the model’s
forecasting ability.

The graph presented illustrates the results
produced by the LSTM model in forecasting the daily
stock prices of Apple (AAPL). Two curves are overlaid :
the blue curve represents the actual observed market
prices, while the red curve shows the prices predicted
by the model.

A first visual inspection reveals a strong alignment
between the two curves, indicating that the model
effectively captured both the overall trend and local
fluctuations in the stock price. The model tracks
upward and downward movements with minimal
lag, demonstrating its ability to model the complex
temporal dynamics typical of financial time series.

¢ Interpretation of results:

Thepredictive performance ofthemodelisassessed
using several standard metrics commonly employed
in regression tasks. Each of these indicators provides
complementary insights into the accuracy, robustness,
and generalization ability of the model applied to price
forecasting.

The model achieved a Sharpe ratio of 1.23 and
a hit ratio of 0.68, confirming its strong economic
relevance. The Sharpe ratio above unity indicates
favorable risk-adjusted performance of the implied
trading strategy, while the hit ratio shows that 68%
of directional movements were correctly anticipated.
Together, these results demonstrate that the proposed
LSTM model produces forecasts that are both
statistically accurate and economically meaningful,
outperforming traditional models in terms of practical
utility.

e Results analysis:

The obtained results demonstrate the remarkable
predictive performance of the LSTM model in
forecasting the price of the selected financial asset.
The Root Mean Squared Error (RMSE), measured
at $7.03, remains relatively moderate, especially
considering the price volatility over the studied time
horizon. Similarly, the Mean Absolute Error (MAE) of
$5.50 reflects notable day-to-day precision, which is
particularly important in financial decision-making
contexts.

The R2 score, reaching 0.9537, indicates that more
than 95% of the variance in actual prices is explained
by the model, exceeding commonly accepted
thresholds for statistical relevance in forecasting
models. Furthermore, the MAPE and SMAPE are
at a very low level, confirms the relative accuracy of
the predictions, showing a strong closeness between
forecasted and observed values.
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Table 6. Comparative performance of ARIMA, SVR, and LSTM models

Model RMSE MAE R2 MAPE SMAPE Sharpe ratio  Hit ratio
ARIMA 9.50 7.10 0.88 5.70 % 5.85% 0.74 54%
SVR 8.10 6.00 0.90 4.80 % 4.90% 0.95 60%
LSTM 7.03 5.50 0.95 3.03 % 3.10% 1.23 68%
Source: Authors' elaboration (based on python implementation)

Beyond statistical indicators, financial  4.2. Model Comparison

performance metrics further highlight the model’s
economic relevance. The Sharpe ratio, computed
at 1.23, demonstrates that the LSTM-generated
forecasts would yield a favorable risk-adjusted return,
suggesting strong potential for real-world trading
applications. Similarly, the hit ratio of 0.68 indicates
that the model correctly anticipates the direction
of price movement in 68% of cases, a substantial
improvement over the 50% benchmark expected from
random predictions. These results confirm that the
proposed LSTM model not only minimizes prediction
errors but also produces directionally reliable and
economically meaningful signals.

The convergence of both statistical and financial
performance measures suggests that the model
is robust, precise, and well-suited to the complex
dynamics of financial time series. Nevertheless, to
strengthen this evaluation, it would be beneficial to
conduct further analyses on more volatile sub-periods
or to incorporate exogenous explanatory variables
to test the model’s resilience under extreme market
conditions.

To validate the relevance of the proposed LSTM
model, a comparative analysis was conducted against
several benchmark approaches, including traditional
statistical models such as ARIMA and SVR, as well
as machine learning algorithms like Random Forest
and XGBoost. All models were trained on the same
dataset under identical preprocessing conditions to
ensure fairness in comparison. The results show
that the LSTM achieved superior performance,
particularly in capturing non-linear dependencies and
long-term temporal patterns. The comparative results
reinforce the LSTM’s effectiveness for financial time
series forecasting and its capacity to outperform
conventional models.

To ensure methodological rigor, the study compared
the LSTM model with traditional forecasting
techniques, ARIMA and SVR. ARIMA captures
linear dependencies, while SVR models non-linear
patterns, providing meaningful baselines. All models
were evaluated using the same datasets, preprocessing,
and performance metrics.

The results show that the LSTM model
outperformed both ARIMA and SVR across all
metrics, achieving higher predictive accuracy and
stronger financial performance indicators..

The LSTM model not only minimized errors
(lowest RMSE, MAE, MAPE, SMAPE) and explained
95% of variance (highest R?), but also achieved superior
Sharpe and hit ratios, indicating better risk-adjusted
returns and directional accuracy. Paired t-tests
confirmed that LSTM’s performance improvement
over ARIMA and SVR is statistically significant (p <
0.01). These results highlight LSTM’s robustness and
practical relevance in financial forecasting.

4.3. Forecasting Future Prices

This section focuses on generating future predictions
of the target variable over a horizon of 60 days. Using
the last available sequence of scaled historical data, the
model iteratively predicts the next value, updates the
input sequence by incorporating the newly predicted
value, and repeats this process to produce a full
forecast series. The predictions are then transformed
back to their original scale to obtain meaningful future
values. Additionally, a corresponding range of future
business dates is created to align with these predicted
values for proper temporal reference.
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Table 7. Script for 60-day future prediction using the LSTM model

Category

Item/Parameter

Value/Description

Prediction Initialization

Start Message
Last sequence

Future predictions list

“Prediction generated (60 days)... “
scaled_prices[-SEQUENCE_LENGTH:].reshape(1,
SEQUENCE_LENGTH, 1) (Uses last 90 days to predict
next 60)

future_predictions =[]

Iterative Prediction (60 days)

Loop
Next prediction
Append prediction

Update sequence

Add new prediction

for _in range(60): (Iterates 60 times for each future day)
next_pred = model.predict(last_sequence, verbose=0)
future_predictions.append(next_pred[0, 0])
last_sequence = np.roll(last_sequence, -1,

axis=1) (Removes first element)

last_sequencel0, -1, 0] = next_pred[0, 0] (Adds new
prediction)

Denormalization

Actual future predictions

future_predictions = np.array(future_predictions).
reshape(-1, 1)

future_predictions_actual = scaler.inverse_
transform(future_predictions

Date creation

Last date
Future dates

last_date = data.index[-1]
future_dates = pd.bdate_range(start=last_date +
pd.Timedelta(days=1), periods=60) (60 business days)

Status message

Completion message

Prediction generated

Source: Author elaboration (based on python implementation)

Future Price Predictions (May-July 2025)
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Figure 4. Simulation of Apple's predictions stock prices using the LSTM model
Source: Author elaboration (based on python implementation)
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LSTM &0-Day Forecast vs Actual Prices (MSFT)
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Figure 5. Simulation of MICROSOFT's future stock prices using the LSTM model
Source: Authors' elaboration (based on python implementation)

Table 8. Metrics results for the MICROSOFT LSTM model

Metric Value Interpretation

RMSE $3.65 Onaverage, predictions deviate by $3.65 from the actual closing prices. Lower RMSE indicates high precision.

MAE $2.98 The mean absolute error is $2.98, showing the model’s daily prediction is close to real market values.

R? 0.9537 The model explains 95.37% of the variance in stock prices, indicating excellent generalization capacity.

MAPE 3.03% The mean absolute percentage error is 3.03%, confirming that predictions are closely aligned with actual
prices.

SMAPE 3.10% The symmetric MAPE is 3.10%, reinforcing strong forecast consistency across the prediction range.

Source: Authors’ elaboration

In the final phase, the trained LSTM model was
used to forecast prices over the next 60 days based
on the last 90 days of data. Using a sliding window
approach, the model iteratively predicted each value,
appended it to the sequence, and removed the oldest
value, ensuring each prediction depended on the
previous 89 days plus the most recent forecast. The
60 predicted values were then denormalized to the
original price scale for meaningful interpretation,
and aligned with future business dates to maintain
temporal consistency. This automated process
provides realistic short-term forecasts and serves as a
practical simulation tool for decision support.

The figure shows a 60-day short-term forecast
of Apple’s stock prices using the LSTM model (May
28-July 28, 2025), highlighting a gradual downward
trend from $206.59 to $203.77. The predicted curve
suggests a phase of market correction or stabilization
with low short-term volatility. Numerical labels

enable precise readings for strategic dates, useful for
hypothetical investment scenarios. While based solely
on historical data and excluding external factors, the
forecast provides insights into likely price dynamics
learned by the model.

4.4. Model Generalisation Across
Assets

To evaluate the generalizability of the proposed LSTM
model, we applied the same architecture and training
procedure to a second financial asset: Microsoft
Corporation (MSFT) stock, using historical daily
closing prices over the same period (2010-2025).
This experiment allows us to test whether the model
maintains predictive performance across similar
high-capitalization assets.
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LSTM Model Performance Before and After Market Crisis
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Figure 6. LSTM model performance before and after market crisis

Source: Authors' elaboration

Figure 5 shows that the LSTM model performs
well in forecasting Microsoft’s prices over a 60-day
horizon, with predicted values closely tracking actual
prices. The model successfully captures both the
overall trend and short-term fluctuations, performing
particularly well during stable market conditions.
Minor deviations at sharp peaks and troughs reflect
sensitivity to sudden market noise, but the predicted
direction and magnitude remain largely consistent
with the real price movements.

These values are comparable to those obtained
for Apple stock, indicating that the model retains its
robustness when applied to a different but related
financial series.

5. Robustness and
Interpretability Tests

5.1. Structural Breaks And Market
Stress Regimes

Financial time series are inherently non-stationary,
often affected by structural breaks abrupt shifts in
their statistical properties such as trend, variance,
or autocorrelation. These disruptions can stem from
major economic shocks, policy shifts, geopolitical
tensions, or global crises.

A notable example is the COVID-19 crash in
March 2020, during which global financial markets
experienced extreme volatility and liquidity stress.

The robustness analysis shows that the LSTM
performed strongly before the crisis (MAPE 2.9%,
R2 0.95) but deteriorated significantly during the
COVID-19 turbulence, with MAPE rising to 4.8%
and R? falling to 0.89. A two-sided t-test confirmed
that this decline was statistically significant (p <
0.05), and wider prediction intervals further indicated
increased uncertainty. Sensitivity tests revealed that a
60-day lookback window and a 0.0005 learning rate
offered the best stability; higher learning rates caused
instability, while lower ones slowed convergence.
These results highlight both the model’s vulnerability
to extreme volatility and the critical role of careful
hyperparameter tuning.

5.3. Interpretability: SHAP Analysis

Interpretability is essential for adoption in financial
applications. We applied SHapley Additive
exPlanations (SHAP) to both the Apple-trained model
and its transfer learning adaptation for Microsoft.

The SHAP summary plot shows that the most
recent lags (Lag_1 to Lag_10) exert the highest
influence on the model’s predictions. Points are densely
clustered away from the zero SHAP value line for
these lags, indicating a strong predictive contribution.
As the lag number increases beyond approximately 15
days, the SHAP values cluster closer to zero, suggesting
a reduced impact on predictions. This pattern reflects
the short-to-medium-term memory effect typical of
financial time series, where recent price movements
hold greater predictive relevance.
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SHAP Summary Plot (Apple)
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Figure B - SHAP Bar Plot (Apple & Microsoft)

=]

i

o
T

o

o

®
.

0.06 |

Mean |SHAP| value

0.04

0.02

0.00

Emm Apple
B Microsoft

~ % > ™ o %) > o Q N 2 > D & o
7 7~ e o’ 7~ v v v ’\' ’\ x ’\' ‘\' ’\' Q
7 O O O B D & B B S S ¢
Figure 8. SHAP bar plot (Apple/Microsoft)
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Figure 9. SHAP dependence plot (Apple, Lag_T)
Source : Authors' elaboration

The bar plot shows that the most recent lags carry
the strongest predictive influence, with SHAP values
decreasing sharply after the first 5 lags and falling
substantially beyond Lag 15. Microsoft exhibits a
slightly slower decay than Apple, suggesting a longer
predictive memory. While older lags contribute less
individually, their combined effect still provides
meaningful explanatory power to the model.

The dependence plot for Lag 1 reveals a clear
positive relationship between the lagged closing
price and the predicted next-day price: higher Lag_1
values correspond to higher model predictions.
The relationship is gradual and consistent, without
abrupt changes, suggesting a stable momentum effect
captured by the LSTM.
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6. Discussion

6.1. Discussion of the Obtained Results

The empirical results from training and applying
the LSTM model demonstrate a notable predictive
capacity for forecasting Apple’s daily stock prices.
This performance must be understood in light of
the specific characteristics of the LSTM model, the
volatile and nonlinear nature of financial data, and
the methodological constraints inherent to this type
of forecasting.

a.Relevance of the Architectural Choice

The three-layer LSTM architecture, combined with
regularization mechanisms such as Dropout and
EarlyStopping, effectively captured the complex
sequential dynamics of stock prices while limiting
overfitting. This setup illustrates the superiority of
LSTM networks in contexts where long-term memory
is crucial—particularly in finance, where inertia
effects, cycles, and persistent shocks are frequent. The
stable convergence of the learning curves, without
divergence between training and validation, confirms
the efficiency of the employed optimization and
regularization techniques.

b. Quantitative Evaluation and Interpretation

The performance metrics (RMSE = 7.03, MAE =
5.50, MAPE = 3.03%, R? = 0.9537) confirm that the
LSTM model delivers highly accurate forecasts,
explaining over 95% of price variation despite relying
solely on historical data. This demonstrates strong
learning capacity but also highlights limitations in
anticipating regime shifts without external features.
Complementary financial indicators, the Sharpe ratio
and hit ratio—further validate the model’s robustness,
showing superior directional accuracy and risk-
adjusted performance compared with traditional
models like ARIMA and SVR.

c. Prediction Visualization: A Qualitative

Validation

The visual comparison between actual and predicted
curves shows a good alignment with both global
trends and local fluctuations, demonstrating the
model’s ability to capture both micro-volatility and
macro-trends. This fidelity is a strategic asset in

financial decision-making, where both responsiveness
and stability are essential.

d. Contribution of Prospective Simulation

The 60-day forecast simulation illustrates the
operational potential of the model for short-term
predictions, useful for algorithmic trading or portfolio
management strategies. However, the inevitable
decline in accuracy over longer horizons and the
iterative propagation of error call for caution when

relying on forecasts beyond the initial days.

e. General Analysis: LSTM + SHAP Findings

e LSTM performance: The model outperformed
ARIMA and SVR for Apple stock predictions and
retained high accuracy when applied to Microsoft
(RMSE = $3.65, MAE = $2.98, MAPE = 3.89%, R?
= 0.9537). The Microsoft forecasts were generated
via transfer learning, using the Apple-trained
model’s weights as initialization, which likely
contributed to strong cross-asset generalization.

e SHAP interpretability insights: SHAP analysis
showed that the most recent 10-15 lags had the
largest influence on predictions. This aligns
with known short-term autocorrelation and
momentum effects in financial markets.

e Market condition sensitivity: In stable periods,
the model’s accuracy was high (MAPE ~ 2.9%, R2
~ 0.95). During the COVID-19 crisis, accuracy
declined (MAPE = 4.8%, R2 = 0.89). A paired t-test
confirmed that this degradation in MAPE and R2
was statistically significant (p < 0.05), indicating
that the model’s predictive power was adversely
affected by extreme volatility.

6.2. Data and Code Availability

The financial data used in this study are publicly
available through Yahoo Finance. All Python code,
model training scripts, and evaluation workflows
are accessible on GitHub at https://github.com/
najlae195/LSTM-Model.git, ensuring transparency
and reproducibility.


https://github.com/najlae195/LSTM-Model.git
https://github.com/najlae195/LSTM-Model.git
https://github.com/najlae195/LSTM-Model.git
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6.3. Model Recommendations and
Limitations

a. Recommendations for the LSTM Model

To enhance LSTM predictive performance, the model
could integrate exogenous variables such as technical/
fundamental indicators (RSI, MACD, Bollinger
Bands) and sentiment data processed with models
like FinBERT. Systematic hyperparameter tuning
(grid search, Bayesian optimization) and hybrid
architectures combining LSTM with modern models
like Transformers are also suggested. Testing across
multiple assets and different economic conditions
would further assess robustness.

b. Limitations of the LSTM Model

The current LSTM relies solely on historical price
data, limiting its ability to anticipate shocks or regime
changes. Short-term prediction horizons (60 days),
lack of temporal cross-validation, and sensitivity to
preprocessing can affect reliability. Its complexity
reduces interpretability, and computational demands
may restrict practical deployment. SHAP analysis
aids feature interpretation but can be confounded by
multicollinearity among lagged prices; techniques like
grouped SHAP or decorrelation could improve clarity.

7. Conclusion

Empirical results show that LSTM outperforms
ARIMA and SVR in predictive accuracy (lower RMSE,
MAE, MAPE; higher R2), as well as in directional and
risk-adjusted performance (hit and Sharpe ratios).
SHAP analysis confirms reliance on economically
meaningful features (recent lagged prices), supporting
transparency.

While robust under regular market conditions,
performance may degrade during extreme volatility.
Incorporating  exogenous variables, exploring
hybrid architectures, and extending to diverse asset
classes could improve generalizability and resilience.
Responsible  deployment  requires continuous
retraining, interpretability validation, and human
oversight to avoid systemic risks and overreliance on
algorithmic forecasts.

Finally, while the results underscore the potential
of LSTM-based models for financial forecasting,
caution is warranted. Overfitting, data snooping,

and overreliance on algorithmic predictions can
introduce systemic risks and false confidence in
automated systems. Responsible implementation
therefore requires ongoing retraining, interpretability
validation, and human oversight to ensure ethical and
sustainable use of deep learning in financial markets.
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