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Abstract

Forecasting Apple Inc. (AAPL) stock prices is challenging due to the nonlinear and dynamic nature of financial data. This
study compares the performance of Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures in
predicting AAPL stock volatility. Daily stock data from January 1, 2020, to May 5, 2025, were used to evaluate both models
under various hyperparameters. Performance was assessed using Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE). The results show that GRU with the AdamW optimizer (learning
rate 0.01, batch size 8) achieved the best performance (MAE: 3.4188, RMSE: 4.9261, MAPE: 1.5648). Beyond identifying
optimal hyperparameters, this study highlights critical architectural differences. The findings reveal that GRU's streamlined
gating mechanism adapts more effectively and more rapidly to sudden price fluctuations than LSTM's complex memory-
retention structure. These results demonstrate GRU's distinct advantage for computationally agile and accurate stock
forecasting under highly volatile market conditions.
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1. INTRODUCTION

The increasing complexity, volatility, and nonlinearity of financial markets have intensified the need
for accurate forecasting models. Stock prices are affected by historical price movements, firm-specific events,
macroeconomic conditions, investor sentiment, and sectoral dynamics. These interconnected factors make
stock prediction difficult and highly uncertain [1], [2], [3]. In the technology sector, Apple Inc. (AAPL) is a
highly relevant forecasting target because its stock price is strongly influenced by innovation cycles, product
announcements, investor expectations, and broader technology market trends [4]. Therefore, forecasting AAPL
closing prices is important for both academic research and practical investment decision-making.

Numerous recent studies have comprehensively demonstrated that deep learning architectures
significantly outperform traditional statistical methods in capturing the noisy and non-stationary behavior of
modern financial markets [5], [6], [7]. Specifically, for forecasting highly volatile technology stocks and
financial assets, data-driven historical approaches are continually optimized to minimize investment risk and
predict sudden market shifts [8], [9].

Traditional forecasting models, including ARIMA, exponential smoothing, and GARCH, have been
widely used in financial time-series analysis due to their interpretability and statistical foundations [10], [11].
However, these methods often depend on assumptions of linearity, stationarity, or predefined volatility
structures. Such assumptions are difficult to satisfy in stock-market data, which are noisy, nonlinear, and highly
dynamic [12]. As a result, conventional models may fail to capture complex temporal patterns in financial
markets. Deep learning has therefore become a promising alternative because it can learn nonlinear
relationships and sequential dependencies directly from historical data [13], [14].
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Among deep learning models, Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
are widely adopted for stock-price forecasting. LSTM uses memory cells and gating mechanisms to capture
long-term dependencies in sequential data [1], [15], [16]. GRU simplifies the recurrent structure through update
and reset gates, reducing computational complexity while maintaining strong predictive capability [3], [16],
[17]. Previous studies show that both models can outperform traditional forecasting approaches. However, their
relative performance varies across datasets, markets, horizons, and feature representations [18]. This indicates
that LSTM and GRU may provide complementary predictive strengths, rather than one model consistently
being superior.

Recent research has improved stock forecasting through hybrid models, ensemble learning, feature
engineering, and hyperparameter optimization. Ensemble deep learning has been shown to improve prediction
accuracy by combining multiple recurrent models and information sources [19]. Multi-source information
fusion can also enhance prediction performance, although it often increases data complexity [14]. Other studies
have combined decomposition methods such as EMD and VMD with LSTM to reduce noise and improve the
modeling of nonlinear financial series [11], [12]. Hyperparameter optimization has further improved LSTM
forecasting performance [20]. In addition, attention-based, bidirectional, and adaptive learning frameworks
have strengthened model stability, generalization, and responsiveness to changing market conditions [15], [21],
[22].

Despite these advances, important research gaps remain. Many studies evaluate LSTM and GRU
independently or compare them as competing models, rather than integrating them into a unified ensemble
framework [1], [4], [10]. Several high-performing models also rely on heterogeneous data, such as financial
news, sentiment, Google Trends, or multi-source indicators, which may reduce practical reproducibility [2],
[14]. Moreover, studies specifically focused on AAPL closing price prediction using an LSTM-GRU ensemble
with historical prices, technical indicators, and systematic tuning remain limited. This gap highlights the need
for a practical, efficient, and robust forecasting framework [12], [19].

Therefore, this study proposes an ensemble deep learning framework that integrates LSTM and GRU
to predict Apple Inc.'s (AAPL) daily closing price. The framework uses historical stock price data, enriched
with adaptive technical indicators and systematic hyperparameter tuning. By combining LSTM and GRU, the
proposed model aims to capture both long-term temporal dependencies and efficient recurrent representations.
Unlike prior studies that focus mainly on standalone models, statistical-deep learning hybrids, or complex
multi-source systems, this study examines the complementary predictive capability of LSTM and GRU within
a unified ensemble architecture. Model performance is evaluated using Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), which are commonly used in stock-
price forecasting research [10], [12], [20]. The findings are expected to contribute to practical deep learning-
based financial forecasting and provide useful insights for technology-stock prediction.

2. MATERIAL AND METHOD

This study adopts a quantitative approach using deep learning methods to forecast Apple Inc. (AAPL)
stock prices through LSTM and GRU models. Processing financial time-series data requires robust memory-
architectural mechanisms that mitigate the vanishing-gradient problem inherent in standard recurrent networks
[23], [24], [25]. The research procedure begins with the collection of historical stock data, followed by data
preparation stages that include preprocessing, normalization, time-step windowing, and dataset division using
hold-out validation. After the dataset is prepared, the LSTM and GRU models are constructed and trained
separately to learn sequential patterns and temporal dependencies in stock price movements. This workflow is
consistent with previous stock forecasting studies that apply LSTM and GRU to financial time series data and
compare their performance in terms of prediction accuracy and model efficiency [1], [3], [17]. The Research
Methodology is shown in Figure 1.
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Figure 1. Research Methodology

2.1. Stocks
Stocks are capital market instruments that represent ownership in a company and function as investment
assets whose values are strongly affected by market dynamics. In this study, Apple Inc. (AAPL) stock was
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selected because its price movement is highly sensitive to company-specific information, technical market
conditions, investor sentiment, and broader economic factors. Stock price fluctuations reflect market responses
to new information and investor expectations, making stock movement prediction a complex task in financial
forecasting [1], [2]. This complexity is also supported by previous studies showing that financial time series
are generally nonlinear, volatile, and influenced by multiple economic and non-economic factors, which makes
accurate stock prediction challenging [3], [10].

2.2. Data Collection

Data acquisition was conducted using the Yahoo Finance platform via a Python-based API to obtain
historical stock market data. The main parameters used in the retrieval process included the stock ticker, date,
and close price. In this study, Apple Inc. stock was identified using the correct ticker symbol AAPL, and the
dataset covered the period from January 1, 2020, to May 5, 2025. The use of Yahoo Finance as a source of
historical stock data is consistent with previous financial forecasting research that retrieved market data from
Yahoo Finance for deep learning-based stock price prediction [10].

2.3.  Long Short-Term Memory (LSTM)

LSTM is a recurrent neural network architecture introduced by Hochreiter and Schmidhuber, designed
to capture long-term dependencies in sequential time series data [26]. In this study, LSTM is applied to predict
AAPL stock volatility by learning temporal patterns from historical stock data. LSTM uses memory cells and
three main gates, namely the input gate, forget gate, and output gate, to control how information is stored,
updated, and passed through time. This gating mechanism enables LSTM to overcome common recurrent
neural network limitations, such as vanishing gradients, and makes it suitable for financial time series
forecasting [1], [10]. Although LSTM has a more complex structure than GRU, previous studies show that it
remains effective for modeling nonlinear and volatile stock market data [11], [22]. The LSTM algorithm
equations are presented in Equations 1-6.

fo = o(Wg - [he_y, Xc] + by) @)
iy = o(W; - [he_q, %] + by) @)
C; = tanh(W, - [he_q, %] + b.) ®3)
Ce=f-Cy +ip- G (4)

o¢ = (W, - [he_y, x¢] + by) (5)
h, = o, - tanh(C,) (6)

2.4. Gated Recurrent Unit (GRU)

GRU is a recurrent neural network architecture proposed by Cho et al., designed to capture sequential
patterns and long-term dependencies in time series data [27]. In this study, GRU is applied to predict AAPL
stock volatility by learning temporal patterns from historical stock data. GRU uses two main gates, namely the
update gate and reset gate, to control how past information is retained, discarded, and combined with current
input. Compared with LSTM, GRU has a simpler structure and fewer parameters, thereby reducing training
complexity while maintaining strong predictive performance in financial time series forecasting [3], [17].
Previous studies also show that GRU is suitable for stock market prediction because it can model dynamic
temporal patterns efficiently and, in some cases, outperform LSTM in terms of accuracy and training efficiency
[4], [10]. The GRU algorithm equations are presented in Equations 7-10.

zy = 6(Wy - [he—q, xc]) ™
re = o(W; - [he_g, %) ®)
h; = tanh(W - [r; - heq, %,]) ©)
hy=(1-2) hy+zh (10)
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2.5. Time Steps

Time steps are an important component of time series processing because they determine how many
previous observations are used as input to predict future values. In this study, the time-step approach is applied
to transform Apple Inc. (AAPL) stock price data into a supervised learning structure, allowing the LSTM and
GRU models to learn sequential dependencies from historical price movements. The selection of an appropriate
historical window is important because an overly short window may fail to capture relevant market patterns,
while an overly long window may include obsolete information and reduce predictive effectiveness. Therefore,
this study evaluates several time-step configurations, ranging from short intervals to a maximum of 30 time
steps, to identify the most effective input sequence length for stock price prediction. This approach is consistent
with previous studies that emphasize the importance of the historical window size and sequential input design
in recurrent neural network-based stock forecasting [1], [2], [17].

2.6. Optimizer

This study uses the Adam optimizer to improve the training efficiency of the LSTM and GRU models
by enabling adaptive parameter updates during training. In addition, AdamW is applied as an alternative
optimizer because it incorporates decoupled weight decay regularization, which can help improve model
generalization and reduce overfitting when modeling volatile AAPL stock data [28], [29]. The use of adaptive
optimization is consistent with previous stock forecasting studies that employed Adam-based training to update
recurrent neural network parameters and improve prediction performance in nonlinear financial time series
[15], [16], [22].

2.7. Evaluation

The evaluation of these predictions using MAE, RMSE, and MAPE provides a standardized, direct
comparison between the model's forecasting capability and the actual market trajectory [30], [31]. MAE
measures the average squared difference between the actual and predicted stock prices. A lower MAE indicates
that the model produces predictions closer to the observed data, reflecting better forecasting precision. This
metric is commonly used in deep learning-based stock price prediction studies to evaluate model accuracy and
to compare forecasting performance across models [2], [20]. The MAE is calculated using the following
Equation 11.

N
1
MAE = Iyi = 9 (11)
i=1

RMSE is obtained by taking the square root of the MSE, allowing the prediction error to be interpreted
in the same scale as the original stock price data. A lower RMSE indicates better forecasting accuracy and
smaller deviations between predicted and actual values. RMSE is widely used in stock price forecasting studies
to evaluate and compare the predictive performance of deep learning models such as LSTM and GRU [10],
[12], [20]. The RMSE is calculated as Equation 12.

N
1
RMSE = NZ(yi —¥)? (12)
i=1

MAPE measures forecasting error as a percentage by calculating the average relative difference between actual
and predicted values. This metric is useful because it expresses model error as a percentage, making prediction
performance easier to interpret and compare across models. A lower MAPE value indicates better forecasting
accuracy and smaller relative deviation from the actual stock price. MAPE is commonly used in stock price
prediction studies to evaluate deep learning models, including LSTM, GRU, and hybrid forecasting approaches
[1], [20], [17]. The MAPE is determined using the following Equation 13.

N
1 e

MAPEz—z :|Y1 Y
NGl

3. RESULTS AND DISCUSSION

An experiment was conducted to evaluate and compare the performance of two neural network
architectures, LSTM and GRU, in predicting Apple Inc.’s stock price. Model performance was assessed using
three evaluation metrics: MAE, RMSE, and MAPE. The experimental scenarios involved several combinations
of hyperparameters, including optimizer type, learning rate, and batch size. Specifically, Adam and Adamw

| x 100% (13)
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were used as optimizers, with learning rates of 0.1, 0.01, and 0.001 and batch sizes of 8, 16, and 32. The results
show that each combination of hyperparameters produced different levels of forecasting performance for both
the LSTM and GRU models. A detailed comparison of these experimental results is presented in Table 1.

Table 1. Comparative Performance of LSTM and GRU Models

Index  Model  Optimizer  Batch Size Legg:é”g MAE RMSE MAPE
0 LSTM Adam 8 0.1 14514037 17676572 6.384236
1 LSTM Adam 16 0.1 14.469635 15773862  6.244741
2 LSTM Adam 32 0.1 21.832522 24805992  9.385906
3 LSTM  AdamwW 8 0.1 15998586  19.290156  7.000371
4 LSTM  AdamW 16 0.1 39.021302  42.028209  16.754512
5 LSTM  AdamW 32 0.1 15584288 18531247  6.842859
6 LSTM Adam 8 0.01 23.840259  26.795441  10.255925
7 LSTM Adam 16 0.01 16.841537  17.785335  7.372128
8 LSTM Adam 32 0.01 35865176  38.996718  15.376011
9 LSTM  AdamW 8 0.01 9.0099450  11.760921  4.077310
10 LSTM  Adamw 16 0.01 54877570  7.9576280  2.530864
11 LSTM  Adamw 32 0.01 52723917  55.232445  22.775774
12 LSTM Adam 8 0.001 9.6896920  10.835013  4.192072
13 LSTM Adam 16 0.001 6.168747 87173340  2.833250
14 LSTM Adam 32 0.001 67.624558  69.631561  29.366852
15 LSTM  Adamw 8 0.001 11304045 12514036  4.879520
16 LSTM  Adamw 16 0.001 72664130  9.7518260  3.306408
17 LSTM  Adamw 32 0.001 77.684678  79.437917  33.820986
18 GRU Adam 8 0.1 50413710  7.0029070  2.344876
19 GRU Adam 16 0.1 10538547  13.843793  4.831420
20 GRU Adam 32 0.1 75028890  9.6326610  3.309659
21 GRU AdamW 8 0.1 70939010  8.6483440  3.105711
22 GRU AdamW 16 0.1 15901854  17.691440  6.831434
23 GRU AdamwW 32 0.1 26708578  29.262188  12.231568
24 GRU Adam 8 0.01 37015930  5.1151930  1.680593
25 GRU Adam 16 0.01 14367728 15811853  6.183859

26 GRU Adam 32 0.01 40125170  5.6735040  1.826600
27 GRU AdamW 8 0.01 34188030  4.926152 1564814
28 GRU Adamw 16 0.01 13.415980  14.916845  5.776897
29 GRU Adamw 32 0.01 41660190  5.6178860  1.878472
30 GRU Adam 8 0.001 40295100 52530170  1.816802
31 GRU Adam 16 0.001 19.499816  20.850697  8.404973
32 GRU Adam 32 0.001 6.0213710  7.0077940  2.651956
33 GRU AdamwW 8 0.001 42524640 54111580  1.909426
34 GRU AdamwW 16 0.001 19.126225 204715210  8.243205

Table 1 presents the results of an experiment comparing the LSTM and GRU models in predicting
Apple Inc. (AAPL) stock prices. The experiment was conducted with several hyperparameter configurations:
the Adam and AdamW optimizers, batch sizes of 8, 16, and 32, and learning rates of 0.1, 0.01, and 0.001.
Model performance was evaluated using three primary metrics: MAE, RMSE, and MAPE, with lower values
indicating smaller prediction error. Based on the results in Table 1, the GRU model generally demonstrated
better predictive performance than the LSTM model. This is evident from the lower MAE, RMSE, and MAPE
values for several GRU configurations compared to LSTM.

Meanwhile, the LSTM model tended to produce higher error values than the GRU model in most
configurations. The best configuration for the LSTM was achieved using the AdamW optimizer, a batch size
of 16, and a learning rate of 0.01. However, its results still fell short of the GRU’s best performance. Thus, the
experimental results show that hyperparameter selection significantly affects model performance, and the GRU
with AdamW, a batch size of 8, and a learning rate of 0.01 is the most optimal configuration in this study.

Table 2. Top Three Best-Performing Models for AAPL Stock Price Prediction

Learning

Index Model Optimizer ~ Batch Size Rate MAE RMSE MAPE
27 GRU Adamw 8 0.01 3.418803 4.926152 1.564814
24 GRU Adam 8 0.01 3.701.593 5.115193 1.680593
30 GRU Adam 8 0.001 4.029.510 5.253017 1.816802
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Table 2 presents the top three best-performing models for AAPL stock price prediction based on the
lowest MAE, RMSE, and MAPE values. All three selected models use the GRU architecture with a batch size
of 8, indicating that GRU provides the most accurate forecasting performance among the tested configurations.
The best overall result is achieved by the GRU model with the AdamW optimizer and a learning rate of 0.01,
producing the lowest error values across all evaluation metrics. The second- and third-best models are also
GRU-based configurations using the Adam optimizer with learning rates of 0.01 and 0.001, respectively.

Validation Loss Comparison for Top 3 Models
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Figure 2. Validation Loss Comparison for Top 3 Models

Figure 2 shows the validation loss comparison of the top three GRU-based models for AAPL stock price
prediction. The lowest validation loss is achieved by GRU_Adam0001_batch8, with a value of approximately
0.014, indicating the best validation performance among the three models. The GRU_Adam001_batch8 model
records a moderate validation loss of around 0.019, while GRU_AdamWO001_batch8 produces the highest
validation loss, approximately 0.025. These results indicate that the GRU model using the Adam optimizer
with batch size 8 and learning rate 0.001 provides the most stable validation performance compared with the
other top model configurations.

RMSE Comparison Across All Models

Model Configuration Index
=
&

0 fD Zb 3‘0 4‘0 5'0 ﬁb 7b Bb
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Figure 3. RMSE Comparison Across All Model

Figure 3 presents the RMSE comparison across all LSTM and GRU model configurations, showing the
variation in prediction error produced by different optimizer, batch size, and learning rate settings. Lower
RMSE values indicate better forecasting accuracy, and the figure shows that several GRU configurations
achieve the smallest RMSE values, particularly around model indices 24, 27, and 30. In contrast, some LSTM
configurations produce much higher RMSE values, especially at indices 14 and 17, indicating weaker
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prediction performance under those hyperparameter settings. Overall, the chart confirms that GRU-based
models generally provide more stable and accurate prediction results than LSTM models in this experiment.

Figure 4 compares the actual and predicted AAPL stock prices generated by the three best GRU-based
models. Overall, the three models are able to follow the actual price movement reasonably well, especially
during upward trends, downward trends, and turning points in the price pattern. The GRU model using AdamwW
with a batch size of 8 and a learning rate of 0.01 produces the closest predictions to the actual values, as its
predicted line closely aligns with the actual price line across most time steps. The GRU models using Adam
with learning rates of 0.01 and 0.001 also show similar predictive patterns, although slight deviations appear
in several periods, particularly during sharp price fluctuations. Therefore, Figure 4 indicates that all three GRU
models demonstrate strong predictive capability, with the AdamW configuration at a learning rate of 0.01
showing the most stable and accurate performance.

Actual vs Predicted Values for Top 3 Models
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Figure 4. Actual vs Predicted Values for Top 3 Models

3.1. Discussion

The experimental results demonstrate a clear performance advantage of the GRU architecture over
LSTM when forecasting Apple Inc. (AAPL) stock volatility. While both models are designed to capture long-
term dependencies in sequential data, their architectural differences play a crucial role in how they handle the
highly volatile and non-linear nature of technology sector stocks.

LSTM utilizes a complex three-gate mechanism input, forget, and output gates to carefully regulate
information flow across time steps [26]. While powerful for sequences requiring deep, long-term memory
retention, this structural complexity can lead to slower adaptation when processing sudden, erratic price
fluctuations driven by rapid market sentiment shifts or product announcements typical of AAPL. Conversely,
GRU employs a more streamlined structure with only two gates: the update and reset gates [27]. The
comparative results suggest that GRU’s simpler architecture acts as a more agile mechanism in this specific
context. It allows the model to quickly discard irrelevant past information and adapt to new, fluctuating price
trends without being constrained by an over-reliance on historical states.

The robustness of the GRU architecture in handling sharp data fluctuations aligns with recent findings
in predicting other high-risk financial assets, where reduced architectural complexity leads to faster adaptation
[32], [33], [34]. The more streamlined gating structure in GRU allows for efficient error propagation and
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temporal mapping compared to LSTM, especially when optimized with weight decay strategies like AdamwW
[35], [36].

Furthermore, the superiority of the AdamW optimizer in the best-performing GRU model highlights the
importance of weight decay regularization in preventing the network from overfitting to the noise inherent in
daily stock movements. By proving that GRU outperforms LSTM across multiple evaluation metrics (MAE,
RMSE, and MAPE), this study establishes that architectural agility and rapid temporal adaptation are more
critical than complex memory retention when modeling the volatile dynamics of the Apple stock market.

4, CONCLUSION

This study evaluated the performance of LSTM and GRU models for predicting Apple Inc. (AAPL)
stock prices across several hyperparameter configurations, including optimizer types, batch sizes, and learning
rates. The best-performing model was a GRU with the AdamW optimizer, a batch size of 8, and a learning rate
of 0.01, achieving the lowest MAE of 3.418803, RMSE of 4.926152, and MAPE of 1.564814.

Crucially, the contribution of this research extends beyond empirical hyperparameter tuning, it provides
an architectural evaluation of how different recurrent neural networks process volatile financial time series.
The findings establish that GRU is fundamentally better suited to capturing the rapid, non-linear fluctuations
of technology stocks such as AAPL. GRU's simplified update-and-reset gating structure enables more agile
responses to sudden market shifts, offering a distinct predictive advantage over LSTM's more complex
memory-retention mechanism. Future research may improve the model by incorporating additional technical
indicators, market sentiment data, or ensemble learning approaches to enhance prediction robustness in highly
volatile market conditions.
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