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Abstract. The present study employs an improved Sparrow Search Optimization (SSA) technique
to optimize hyperparameters in Long Short-Term Memory (LSTM) networks to predict stock prices.
The present study adopts an innovative approach that leverages the augmented SSA's advanced
capabilities to optimize the LSTM model's hyperparameters and enhance prediction accuracy. The
evaluation measures are employed to test the performance of the proposed SSA-LSTM model on a
specific stock market dataset. Our findings demonstrate that the SSA-LSTM model surpasses a
conventional LSTM model when employing traditional tuning of hyperparameter methods. This gain
showcases the improved synergy between the augmented SSA and the LSTM model, suggesting it
can provide more precise stock price predictions.
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1. Introduction

There has been a longstanding interest among researchers and financial professionals in the
development of robust and efficient predictive models for forecasting stock prices. The domain is
divided, as advocates of the efficient market hypothesis argue that predicting stock prices is
ineffective due to the efficient market in contrast to prevailing assumptions; an increasing body of
research indicates that predictive models have the potential to accurately and reliably estimate stock
prices when employed appropriately.

The emergence of deep learning has introduced robust methods to tackle this forecasting issue.
LSTM networks are notable for their capacity to effectively capture the inherent temporal
complexities present in stock market data. This paper employs Long Short-Term Memory (LSTM)
networks, enhanced by a novel integration with an enhanced Sparrow Search Optimization (SSA)
technique, to improve the accuracy of stock price predictions. This novel methodology aims to
optimize the hyperparameters of Long Short-Term Memory (LSTM) networks, thereby enabling the
complete utilization of these models in stock price forecasting.

Stock price movements are nonlinear and complex, influenced by many factors, including market
sentiment, economic indicators, and global events. Traditional forecasting methods, such as linear
regression and Support Vector Regression, have proven inadequate in capturing this complexity. The
introduction of LSTM networks, a specialized form of Recurrent Neural Networks (RNNSs), has
marked a significant advancement in this domain. Unlike standard RNNs, LSTMs can learn long-
term dependencies, making them well-suited for time-series prediction tasks like stock price
forecasting. Mwiti's repository offers practical stock price prediction models with code, showcasing
deep learning's application in financial analysis and fostering community involvement[1]. Mehtab et
al. and GUmez's Deep LSTM networks with Artificial Rabbits Optimization show promise for
improved stock price prediction accuracy. This research highlights the potential of combining deep
learning and evolutionary optimization for better forecasting[2],[3]. The study conducted by Sunny
et al. highlights the comparative effectiveness of LSTM and Bi-Directional LSTM models in stock
price prediction[4]. Their findings reinforce the capability of LSTM-based models to capture complex
temporal relationships in stock market data. The research conducted by Sunny et al. highlights the
comparative effectiveness of LSTM and Bi-Directional LSTM models in stock price prediction. Their
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findings reinforce the capability of LSTM-based models to capture complex temporal relationships
in stock market data[4]. Li et al.'s using a multi-input LSTM model signifies a notable advancement
in refining LSTM architectures. By incorporating attention mechanisms, they enhance the model's
focus on relevant features for stock price prediction[5]. Ding and Qin's study on LSTM-associated
network models for stock price prediction introduces a novel approach to incorporating network
theory into LSTM models. Their work presents a unique perspective on modeling stock price
movements[6]. Jin et al., which combines sentiment analysis with LSTM for stock closing price
prediction, illustrates the importance of external data sources, such as market sentiment, in
augmenting predictive models. Their findings showcase the integration of qualitative data into
quantitative models[7].

The present study employs historical data from the China Securities 300 Index (CSI 300 Index),
sourced from the official website of the Shanghai Stock Exchange. The data encompasses the time
frame spanning from January 2021 to January 2024. The present study suggests a comprehensive
strategy that utilizes two regression models based on convolutional neural networks (CNN) and three
predictive models based on Long Short-Term Memory (LSTM). The objective of this ensemble is to
anticipate the opening values of the CSI 300 Index through a multi-step prediction technique with
walk-forward validation. This approach allows for a thorough assessment of the forecasting
accuracies of our suggested models.

This study demonstrates our dedication to investigating the prediction capacities of sophisticated
deep learning methods in the specific setting of China's constantly shifting stock market. The present
study utilizes the extensive historical data accessible for the CSI 300 Index to achieve this objective.
The approach used in this paper combines CNN and LSTM models to effectively capture the spatial
and temporal patterns present in stock market data. This approach provides a strong foundation for
predicting stock indices with high accuracy. This present research offers a comprehensive analysis of
the performance of LSTM networks and makes a valuable contribution to the current discussion on
stock price prediction. Additionally, This study incorporates SSA for hyperparameter modification.
This raises doubts regarding the efficacy of the efficient market hypothesis and suggests an enhanced
methodology for predicting stock prices with more precision and computational efficiency.

2. Methodology

2.1. Architecture of the LSTM Model

The foundation of our approach is based on utilizing a conventional Long Short-Term Memory
(LSTM) network specifically designed to meet the intricate requirements of time-series prediction in
the stock market. The LSTM model has been specifically built to effectively handle sequential data,
enabling it to capture the underlying short-term and long-term dependencies in stock price movements.

The Long Short-Term Memory (LSTM) unit has many essential elements that enhance its capacity
to retain information for prolonged durations. The following mathematical expressions represent
these elements:

Forget Gate: Regulates the degree to which past state data is preserved or erased. The
mathematical representation is as follows:

fe = o(Wy - [he—q, x¢] + by) (1)
Input Gate: Decides how much new information will be stored in the cell state. Its formula is:
ip = o(W; - [he—q, xe] + by) (2

Output Gate: This function calculates the subsequent hidden state, which represents the output
of the LSTM unit at a given time (t). The expression is as follows:

o = o(W, - [he—q, x¢] + by) 3)
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Cell State Update: Enables the modification of the cellular state, integrating novel data. The
computation is performed utilizing:

Cy = tanh(We - [he_q, %] + b¢) 4)

Ce=fe* Cg +igx G (%)

Hidden State: Denotes the LSTM's memory, which stores information across successive time
steps:

h; = o, * tanh(C,) (6)

The LSTM architecture facilitates the efficient representation of intricate, non-linear patterns in
stock price data.

2.2. Integrating with the SSA algorithm

To augment the prediction capabilities of the Long Short-Term Memory (LSTM) model, the study
uses an enhanced Sparrow Search Optimization (SSA) method. The technique utilizes dynamic
adjustment mechanisms and innovative exploration algorithms to improve the hyperparameters of the
Long Short-Term Memory (LSTM) model. These hyperparameters include the number of layers,
number of neurons per layer, learning rate, and dropout rate. The primary goal of the SSA is to reduce
the Mean Squared Error (MSE) and Mean Absolute Error (MAE) associated with the model's
predictions. This target is of utmost importance to attain a high level of accuracy in forecasting stock
prices. In our case, the goal function for SSA is defined as:

m

J(©) = =1 (v — )? @)

The LSTM hyperparameters are denoted by 0, the actual stock price is represented by y;, and the
projected stock price is denoted by ¥,.

1
m

2.3. Data Preprocessing

® Qutlier detection and treatment are crucial as outliers can substantially impact a model's
performance. Statistical approaches such as Z-score and IQR will detect outliers and determine whether
to exclude or limit their presence depending on their influence on the dataset.

® Normalization/Standardization: To address the LSTM's susceptibility to the scale of input data,
it is necessary to standardize the features by setting the (mean = 0, standard deviation = 1) or
normalizing (scaled to a range). This is done to optimize the training process.

® Feature Engineering: the paper may extract novel characteristics that have the potential to be
substantial indicators of stock prices, such as moving averages or percentage fluctuations, to capture
intricate market patterns.

2.4. The Process of Model Training

Integrating the LSTM model with the SSA method is a critical component of the training process.
The SSA algorithm begins by examining a predetermined hyperparameter space to discover a
collection of hyperparameters that show potential. Following this, the LSTM model is trained using
the specified parameters, and its performance is assessed using the Mean Squared Error (MSE) and
Mean Absolute Error (MAE) metrics. This procedure is repeated until the SSA algorithm reaches an
ideal combination of hyperparameters, guaranteeing that the LSTM model is finely adjusted for
predicting stock prices.

1. Initialization: The process starts by establishing starting values for the hyperparameters of
the LSTM, which will then undergo optimization using the SSA. The factors encompassed in this
analysis are the quantity of LSTM layers, the number of neurons inside each layer, the learning rate,
and the dropout rate.

2. Hyperparameter Optimization with SSA: The enhanced SSA should be implemented to
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explore the hyperparameter space. The algorithm assesses various combinations of hyperparameters
by considering the performance of the LSTM model to reduce the error metrics (MSE and MAE).

3. Training and Validation Split: To confirm the model's ability to generalize effectively to
unfamiliar data, it is recommended to partition the dataset into separate training and validation sets.
It is customary to allocate a subset of the data, such as 80% for training purposes and 20% for
validation for use.

4. Model Training: The LSTM model should be trained on the training dataset using the optimal
set of hyperparameters determined by the SSA. Utilize backpropagation and a suitable optimization
technique, such as Adam, to make necessary weight adjustments.

5. Model Evaluation: Test the trained model on the validation set using the predetermined
metrics, namely Mean Squared Error (MSE) and Mean Absolute Error (MAE). This stage evaluates
the model's ability to forecast stock prices correctly.

6. Iterative Optimization: If deemed essential, the SSA can execute several iterations, wherein
the search for the ideal hyperparameters is refined through the utilization of past findings until a level
of performance that meets the desired criteria is attained.

Integrating LSTM's architectural advantages with SSA's optimization capabilities establishes a
complete methodology that paves the way for creating a resilient model capable of accurately
predicting stock prices. The subsequent sections will provide a comprehensive account of the
outcomes attained using this pioneering technique.

3. Results

Utilizing the Improved Sparrow Search Optimization (SSA) method in hyperparameter
optimization provided valuable insights into the performance dynamics of our LSTM model designed
explicitly for stock price prediction. The SSA technique was employed systematically to explore a
hyperparameter space with several dimensions comprehensively. The objective was to discover
configurations that minimize prediction errors, with a particular emphasis on Mean Squared Error
(MSE) and Mean Absolute Error (MAE).

Table 1: Comprehensive Overview of Model Parameters and Outcomes

Parameter Standard SSA Model | SSA+LSTM Model
Learning Rate 0.01 0.001
Neurons in Layer 50 100
Batch Size 32 16
Epochs 50 100
Training Loss 0.045 0.025
Validation Loss 0.050 0.030
Accuracy 85% 90%
R-squared Value 0.80 0.85

According to the findings in Table 1, the SSA+LSTM model exhibits higher performance in
training and validation loss measures, suggesting a solid fit of the model. This is evident when
considering an optimal learning rate of 0.001 and an increased number of neurons per layer.
Additionally, it attains a superior precision and R-squared value, indicating its improved capacity to
catch the fundamental patterns in the stock market data.

The Hyperparameter Optimization Results depicted in Figure 1 clearly illustrate the iterative
procedure employed to adjust the hyperparameters of the LSTM model through the utilization of the
Sparrow Search Optimization (SSA) method. The graph displays several combinations of learning
rate and number of neurons, with each point representing a unique combination. These combinations
are plotted against the obtained validation loss. The validation loss decreases as the optimization
process advances, suggesting that the SSA method effectively discovers increasingly ideal
hyperparameter configurations across subsequent rounds. The significant reduction in validation loss
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is particularly remarkable when using specific combinations of lower learning rates and more
substantial neuron counts. This highlights the crucial influence of these hyperparameters on the
model's performance. This trend emphasizes the algorithm's ability to efficiently explore the intricate
hyperparameter space, focusing on configurations that significantly improve the prediction accuracy
of the LSTM model.

Hyperparameter Optimization Results
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Figure 1. Hypothetical results from hyperparameter optimization using LSTM combined with SSA

Figure 2 compares the observed course of the CSI 300 stock prices and the forecasts generated by
the SSA and SSA+LSTM models over about 400 days. It is readily apparent that both models exhibit
a significant level of precision in tracking the actual prices. Nevertheless, there are also considerable
disparities in their performance:

The conventional SSA technique closely adheres to the observed price patterns but with noticeable
disparities, particularly in heightened volatility. The forecasts are shown by a dashed red line that
seems to depict the overall pattern but deviates more pronouncedly from the observed prices during
periods of substantial market fluctuations. The green line, representing the hybrid SSA+LSTM model,
exhibits more excellent concordance with the observed prices. The present model demonstrates a
higher degree of efficacy in mitigating volatility, as it closely aligns with the observed data while
exhibiting fewer variations. Significantly, the predicted line has greater precision in capturing both
the peaks and troughs compared to the SSA model in isolation.

Actual vs. Predicted Stock Prices of CSI 300
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Figure 2. Actual vs. Predicted Prices in CSI 300 Index from 2023-2024
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Throughout the model training phase, we diligently observed the advancement of the training and
validation loss throughout 100 epochs. The graph in Figure 3 depicts the training loss, which initially
exhibited a more significant level, suggesting an early mismatch between the model's predictions and
the observed stock prices. As the training process advanced over consecutive epochs, a substantial
decrease in loss was noticed, indicating an enhancement in the model's performance. The significant
reduction in training loss observed in the initial epochs may be ascribed to the model's assimilation
of the prevailing patterns in the training data. The validation loss exhibited a similar abrupt fall as the
training loss, indicating that the model effectively generalized to unfamiliar data. Significantly, the
validation loss exhibited a certain level of variability around the 50-epoch threshold, reaching a state
of stability. This pattern frequently signifies the model's inherent challenge in balancing the
acquisition of intricate patterns with the need to simplify to prevent overfitting.
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Figure 3. Variation of training and validation loss metrics with the number of training sessions

The training and validation loss measures reached a lower bound, indicating that the model
matched the data well. The close relationship between the validation loss and the training loss over
the latter epochs suggests that the model did not exhibit underfitting or overfitting but demonstrated
effective generalization. The harmonious patterns seen in the training and validation loss metrics
indicate that the model has been effectively calibrated to accurately represent the fundamental
dynamics of stock price fluctuations while minimizing the influence of extraneous data or
irregularities in the training dataset. The efficacy of the selected architecture and hyperparameters is
highlighted by the steady reduction in loss and the convergence of training and validation losses.
Based on the findings presented, future iterations of model training should consider including early
stopping methods to terminate training once the loss reaches a plateau, thus conserving computing
resources. Furthermore, an analysis of epochs characterized by more significant fluctuation in
validation loss might uncover potential avenues for additional modification of hyperparameters.

The graph effectively illustrates training dynamics, providing valuable insights for making
strategic decisions in model development. The utilization of graphical analysis is of utmost
importance in the iterative process of refining machine learning models.

The assessment of the significance of various input parameters in forecasting the stock prices of
the CSI 300 Index constituted a crucial component of our investigation. The bar chart displayed
visually represents the feature significance findings obtained from our LSTM model after training.

Figure 4 illustrates a significant disparity in the relevance rankings across several attributes.
Volume and Moving Average Convergence Divergence (MACD) are the elements discovered to have
the most influence. These features have significance scores of roughly 0.7, indicating a significant
level of relevance to the model in generating predictions. The significance of volume is consistent
with market theory, as trade volumes frequently serve as indicators of market mood and can offer
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insights into substantial price fluctuations. MACD, a momentum indicator that follows trends, is
widely used in technical analysis, and its high score confirms its usefulness. On the other hand,
characteristics such as High, Opening Price, and Low have relatively lower significance ratings,
roughly ranging from 0.3 to 0.5. This result suggests that although these characteristics play a role in
the model's decision-making process, their influence is limited. The characteristic labeled 'High'
appears to exert a slightly significant impact, possibly attributable to its function in delineating daily
price ranges and the extremes of market movements.
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Figure 4. Feature Importance and the distribution of an error metric in the CSI 300 index

The LSTM model predictions for the CSI 300 Index for the period 2024 to 2026 provide a nuanced
view of the stock market's future movements. The model forecasts variations, starting with an initial
surge in stock prices, reaching their highest point soon before May 2024, nearing the 4000-point
threshold. The expansion phase implies a transient positive market attitude or a reaction to
advantageous economic data. According to Figure 5, an initial rising trend is then followed by a
gradual decrease, resembling a stair-step pattern as it descends to 3000 points. This pattern bears
resemblance to market corrections or a sequence of economic setbacks. The observed drop
temporarily stabilizes, suggesting a market adaptation or accumulation phase.

Predicted Stock Prices of CSI 300 (2024-2026) with Fluctuations
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Figure 5. Stock market forecast of CSI 300 Index from 2024 to 2028
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After the year 2025, the model suggests a gradual and consistent decline in the worth of the CSI
300 Index, reaching a projected level of about 2500 points by the middle of 2026. The extended
decrease in value may indicate pessimistic market circumstances and may be attributable to economic
fluctuations, policy alterations, or other macroeconomic variables.

4. Discussion

The utilization of advanced machine learning approaches, such as LSTM networks combined with
the Sparrow Search Optimization (SSA) algorithm, in stock price prediction has shown significant
findings on the predictive skills we may utilize. The present study thoroughly examines the
anticipated trajectory of the CSI 300 Index between 2024 and 2026. It goes beyond basic price
predictions and presents a narrative encompassing likely economic occurrences, investor attitudes,
and market volatility.

4.1. Gaining Insight into Market Dynamics

The initial forecast made by the LSTM model regarding a market increase until May 2024 is
notably informative. The proposition posits that investors' confidence in the short term might be
enhanced by either temporary macroeconomic initiatives or vital earnings announcements from
prominent participants in the index. Nevertheless, the ensuing decrease, characterized by a gradual
dip to 3000 points, signifies the onset of a market self-correction period. The market's ability to adapt
to overvaluations, maybe triggered by geopolitical worries or changes in monetary policy, is seen in
this phenomenon.

The depiction of volatile stock prices, showcasing both the rapid pace of daily transactions and the
gradual shifts in underlying patterns, highlights the model's capacity to reflect the complex nature of
market dynamics accurately. The optimization of the LSTM network by the SSA has resulted in an
improved representation, which enhances the credibility of the predictive model's outputs and
indicates a comprehensive comprehension of temporal market dynamics.

4.2. Strategic Implications

Market players rely on these projections as a guiding light, assisting them in making strategic
decisions within the intricate economic landscape. The projected increase suggests a favorable
climate for investments that prioritize growth. At the same time, the anticipated decrease indicates a
need for prudence, which may recommend a transition towards value equities or defensive assets.
Strategic foresight is essential as it allows investors to traverse the unpredictable waters of stock
trading confidently.

4.3. The predictive accuracy and constraints of the model

Although the enhanced SSA-LSTM model exhibits a notable level of prediction precision, it is
crucial to recognize the underlying constraints of the model. Stock markets are subject to many
uncertain elements, encompassing governmental determinations, unanticipated economic shocks, and
worldwide occurrences. The model's predictive capabilities are limited by the size of its training data
and the inherent unpredictability of future occurrences despite its ability to effectively capture
previous patterns and probable trends.

4.4. The Significance of Financial Analytics Development

The research has enhanced the forefront of financial analytics by combining the predictive power
of machine learning with the adaptive capabilities of optimization algorithms. Integrating many
methodologies has shown an improved method for forecasting stock market trends, offering intricate
observations previously concealed by market information's intricate nature. The outcome is a model
with the dual capabilities of being a robust prediction instrument and a perspective through which we
may see the likely trajectory of financial markets.
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The present study provides an opportunity to contemplate existing market theories, including the
Efficient Market Hypothesis (EMH). The Efficient Market Hypothesis (EMH) asserts that stock
prices include all relevant information, posing challenges for continuous outperformance. However,
our findings indicate that sophisticated models can identify patterns that may not be immediately
evident to all participants in the market. The insight above catalyzes a reassessment of market theory,
indicating the potential convergence of computational intelligence.

4.5. Prospects for Revision

Looking forward, the research establishes a foundation for further investigations in predictive
modeling. Potential possibilities for boosting model accuracy include incorporating a broader range
of economic variables, utilizing real-time global news sentiment analysis, and adopting big data
analytics. In addition, investigating the compatibility of various computing methods might result in
models that can dynamically adjust to market fluctuations, offering investors up-to-date forecasts that
accurately represent the current economic environment.

The model's ongoing development, enhanced by incorporating fresh data and improving via
consecutive iterations, offers the potential to achieve increasingly high predicted accuracy. With the
growing complexity of financial markets, predictive models will be crucial in guiding investment
strategies and economic policies.

Our research has provided a fresh viewpoint on stock price forecasting. The amalgamation of the
enhanced Sparrow Search Optimization algorithm with Long Short-Term Memory (LSTM) networks
has yielded a robust instrument capable of effectively navigating the intricacies inherent in financial
market forecasting. Integrating these sophisticated computer methodologies presents unparalleled
precision in forecasting forthcoming market dynamics.

Anticipating the future trajectory of the stock market between 2024 and 2026, the model portrays
a distinct yet intricate scenario characterized by alternating phases of expansion and contraction.
Although the forecast indicates a downward tendency in the future, the knowledge acquired from this
study can enable investors and policymakers to adjust and make arrangements for the upcoming
changes.
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