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Abstract- Predicting stock prices accurately is essential for 

making well-informed decisions in erratic financial markets. 

This paper introduces a compositional deep learning 

framework for multivariate time-series forecasting that 

integrates three RNN variants: LSTM, GRU, and SRU. Grey 

Wolf Optimizer (GWO) and Random Search (RS) were used to 

develop and optimize a total of 54 model architectures. The 

best results were obtained by LSTM-GWO (1-1-0-1), with R2 

= 99.2427%, MAPE = 1.1721%, RMSE = 339.3902, WI = 

0.9981, NSE = 0.9924, and minimal bias (PBIAS =0.0523). 

Additionally, GRU-GWO and SRU-GWO performed better 

than RS-based models, demonstrating the efficacy of 

metaheuristic optimization. The results show that GWO and 

systematic architectural design greatly improve forecasting 

accuracy and model stability for reliable financial prediction 

systems. 
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I. INTRODUCTION 

 

Stock markets are inherently volatile, with prices 

fluctuat- ing daily due to economic, political, and behavioral 

fac- tors. This volatility creates both investment opportunities 

and significant risks, making accurate stock price forecast- ing 

essential for informed and risk-aware decision-making. 

Classical investment theory emphasizes the importance of 

predictive modeling for portfolio management and risk mit- 

igation [1, 2]. 

 

Traditional statistical approaches, particularly Au- 

toregressive Integrated Moving Average (ARIMA) and 

ARIMA-GARCH models, have been widely used to model 

short-term linear and non-stationary patterns in financial time 

series [7, 9, 10]. Similarly, conventional machine learn- ing 

methods such as Support Vector Regression (SVR), Ran- dom 

Forest (RF), and K-Nearest Neighbors (KNN) have 

demonstrated effectiveness in stock prediction tasks [13– 15]. 

However, the inherently stochastic and nonlinear na- 

ture of financial markets limits the ability of these mod- els to 

capture complex multivariate dependencies and long- term 

temporal relationships. Deep learning techniques, es- pecially 

Recurrent Neural Network (RNN) variants such as Long 

Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), 

and Simple Recurrent Unit (SRU), have shown supe- rior 

capability in modeling sequential financial data [4, 20]. These 

architectures effectively capture long-term dependen- cies and 

nonlinear patterns, leading to improved predic-tive 

performance. Despite these advancements, most ex- isting 

studies rely on single, monolithic RNN architectures that 

process multivariate inputs directly, often overlooking feature-

specific temporal characteristics and structured ar- chitectural 

design. 

 

To address these limitations, this study proposes a 

com- positional RNN learning framework that systematically 

inte- grates multiple RNN variants within a unified forecasting 

ar- chitecture. The proposed approach introduces feature-wise 

univariate encoding for Open, High, Low, Close, and Vol- 

ume (OHLCV) data, followed by structured concatenation- 

based fusion and dual-dropout regularization to enhance 

generalization. Furthermore, 54 stacked architectural con- 

figurations are systematically explored and optimized using 

Random Search (RS) and the Grey Wolf Optimizer (GWO). 

 

The framework is empirically validated using Hang 

Seng Index (HSI) data, demonstrating significant improve- 

ments across multiple performance metrics. By combining 

compositional architecture design with metaheuristic opti- 

mization, this study presents a modular, scalable, and high- 

performance alternative to traditional monolithic RNN mod- 

els for robust stock price forecasting. 
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II. RELATED WORK 

 

Stock price forecasting has evolved significantly, 

begin- ning with statistical models such as ARIMA and 

ARIMA- GARCH, which effectively capture short-term linear 

and non-stationary patterns in financial time-series data [7–

10]. 

 

Several studies demonstrated ARIMA’s reliability in 

predict- ing stock trends across various markets. However, its 

limi- tation in modeling complex nonlinear dependencies led 

re- searchers to explore machine learning approaches. 

 

Traditional machine learning techniques, including 

Support Vector Machines (SVM), Random Forest (RF), Gra- 

dient Boosting Machines (GBM), and ensemble methods, have 

been widely applied to stock prediction [12–15]. These models 

improved classification and regression performance compared 

to purely statistical approaches. Nevertheless, their ability to 

model long-term temporal dependencies re- mains limited, 

particularly when handling high-dimensional and highly 

volatile financial data. 

 

The emergence of deep learning, particularly Recur- 

rent Neural Networks (RNNs), marked a significant ad- 

vancement in time-series forecasting [4, 5]. Long Short- Term 

Memory (LSTM) and Gated Recurrent Unit (GRU) 

architectures demonstrated superior capability in capturing 

long-term dependencies and complex temporal dynamics [20]. 

Subsequent research introduced regularization strate- gies, 

such as dropout, and optimization improvements to en- hance 

generalization and reduce overfitting. 

 

Recent developments have focused on hybrid and 

attention-based architectures, combining CNNs, LSTMs, 

GRUs, transformers, and decomposition techniques to im- 

prove prediction accuracy [3, 6]. These models effectively 

capture nonlinear patterns, seasonal trends, and feature in- 

teractions. Additionally, metaheuristic and advanced hyper- 

parameter optimization methods—including Bayesian opti- 

mization, Hyperband, and nature-inspired algorithms—have 

been employed to further enhance performance and training 

efficiency. 

 

Despite these advancements, most studies rely on 

monolithic architectures and direct multivariate inputs, with 

limited exploration of structured compositional designs and 

feature-wise encoding strategies. This gap highlights the need 

for a modular and systematically optimized RNN framework 

capable of leveraging complementary temporal dynamics 

while improving stability and forecasting accu- racy. 

 

III. MATERIALS AND METHODS 

 

1. Research Framework 

 

This study adopts a structured and modular 

experimental framework designed to ensure methodological 

rigor and re- producibility. The workflow consists of five main 

stages: data acquisition, data preprocessing, compositional 

RNN ar- chitecture design, hyperparameter optimization, and 

perfor- mance evaluation. Each stage is independently defined 

yet systematically integrated to maintain consistency between 

theoretical modeling and empirical validation. 

 

The framework emphasizes feature-wise sequence 

modeling, structured architectural composition, and 

metaheuristic-based hyperparameter tuning. By separat- ing 

encoding, fusion, and optimization components, the proposed 

design allows controlled experimentation across multiple 

RNN variants (LSTM, GRU, and SRU) and architectural 

configurations. 

 

2. Data Collection 

 

The dataset used in this study consists of daily 

historical price data obtained from Yahoo Finance using the 

YFinance Python library. 

 

Five primary market features—Open, High, Low, 

Close, and Volume (OHLCV)—were selected as input vari- 

ables. These features represent essential financial indicators 

that capture price dynamics and market trading activity. Un- 

like studies that rely on technical indicators or engineered 

features, this research intentionally utilizes raw OHLCV data 

to preserve the inherent temporal structure of financial 

sequences and allow the RNN models to learn patterns di- 

rectly from primary signals. 

 

Descriptive statistical analysis was conducted to 

exam- ine the distribution, scale, and variability of each 

feature, ensuring appropriate normalization and stable training 

be- havior. 

 

3. Data Preprocessing 

 

To improve numerical stability and accelerate 

convergence during training, Min-Max normalization was 

applied to scale all input features into the range [0, 0.95]. This 

scaling prevents feature dominance due to magnitude 

differences (e.g., volume versus price) and reduces boundary 

saturation issues in activation functions. 

 



IJSART - Volume 12 Issue 03 – MARCH 2026                                                                                 ISSN [ONLINE]: 2395-1052 
 

Page | 605                                                                                                                                                                     www.ijsart.com 

 

Sequential data segmentation was performed to trans- 

form the dataset into supervised learning format suitable for 

RNN models. Two window sizes—20 trading days (short-term 

dependency) and 40 trading days (medium-term 

dependency)—were used to construct input sequences. Each 

sequence was formatted into a three-dimensional tensor 

structure (samples, time steps, features). 

 

To preserve temporal integrity and avoid data 

leakage, the dataset was split chronologically into 80% 

training data (4,678 samples) and 20% testing data (1,170 

samples). This ensures that future information does not 

influence past pre- dictions. 

 

4. Optimization Strategy 

 

Hyperparameter optimization plays a crucial role in 

enhanc- ing deep learning model performance. In this study, 

two op- timization techniques were employed: Random Search 

(RS)and Grey Wolf Optimizer (GWO). The optimized 

parame- ters included the number of RNN units, learning rate, 

batch size, number of epochs, and dropout rates. 

 

Random Search explores the hyperparameter space 

stochastically, while GWO, a nature-inspired metaheuristic 

algorithm, balances exploration and exploitation to identify 

near-optimal parameter combinations efficiently. 

 

5. Performance Evaluation 

 

Model performance was evaluated using multiple 

statistical metrics, including R2, Root Mean Square Error 

(RMSE), Mean Absolute Percentage Error (MAPE), Root 

Mean Square Percentage Error (RMSPE), Percent Bias 

(PBIAS), Willmott Index (WI), and Nash–Sutcliffe Efficiency 

(NSE). These metrics collectively assess prediction accuracy, 

error magnitude, bias, agreement, and robustness. 

 

6. Compositional RNN Architecture 

 

The proposed architecture follows a feature-wise 

composi- tional design. Each OHLCV feature is independently 

en- coded using stacked RNN layers (LSTM, GRU, or SRU) 

to preserve unique temporal characteristics. Dropout regular- 

ization is applied before concatenation to enhance general- 

ization. 

 

Encoded feature representations are then 

concatenated to form a unified multivariate representation. 

Optional post- concatenation RNN layers further refine the 

temporal fusion. Finally, dense layers generate the predicted 

stock price out- put. 

 

A total of 18 architectural configurations per RNN 

vari- ant were systematically constructed and evaluated, 

enabling comprehensive exploration of compositional 

structures and their impact on forecasting performance. 

 

IV. RESULTS AND DISCUSSION 

 

 
Figure 1: Proposed multi-variant compositional RNN 

architecture for stock price forecasting. 

 

1. Hyperparameter Optimization Performance 

 

The tuning results show that GWO consistently 

achieved lower validation loss compared to RS across all RNN 

vari- ants. This confirms the effectiveness of GWO in 

exploring the hyperparameter space more efficiently. The 

optimized parameters included units, dropout rate, learning 

rate, batch size, and epochs. 

 

Among all configurations, the LSTM-GWO (1-1-0-1) 

architecture emerged as the best-performing model, achiev- 

ing: 

o R2 = 99.2427% 

o RMSE = 339.3902 

o MAPE = 1.1721% 

o RMSPE = 1.6221% 

o WI = 0.9981 

o NSE = 0.9924 

o PBIAS = 0.0523 

 

These metrics indicate extremely high explanatory 

power, minimal prediction error, strong agreement between 

observed and predicted values, and negligible bias. 

 

 
Figure 2: Comparative performance metrics of LSTM, GRU, 

and SRU models under RS and GWO optimization strategies. 

 

2. Comparative Performance of RNN Variants 

 

LSTM Models: LSTM models achieved the highest stabil- ity 

and accuracy. Both RS and GWO produced strong re- sults, 

but GWO slightly improved R2 and reduced RMSE and 

MAPE. The narrow distribution of errors and minimal bias 
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confirm that LSTM effectively captures long-term de- 

pendencies in financial time-series data. The LSTM loss 

curves also showed smooth convergence with minimal over- 

fitting, demonstrating strong generalization ability. 

 

GRU Models: GRU models performed competitively, with 

GRU-GWO (2-1-1-1) achieving: 

 

o R2 = 99.2322% 

o RMSE = 341.7225 

o MAPE = 1.1821% 

 

Although slightly behind LSTM, GRU demonstrated 

strong predictive capability with marginal underestimation 

bias (PBIAS = −0.1357). GWO again improved stabil- ity and 

reduced variability compared to RS. GRU’s simpler gating 

structure allowed efficient computation while main- taining 

high forecasting accuracy. 

 

SRU Models: SRU models showed acceptable but 

comparatively lower performance. The best configuration, 

SRU-GWO (2-2-0-0), achieved: 

 

o R2 = 99.2009% 

o RMSE = 348.6384 

o MAPE = 1.2080% 

 

Although still highly accurate, SRU exhibited greater 

variability and sensitivity to data fluctuations. The wider 

distribution of errors and higher standard deviation indicate 

lower robustness compared to LSTM and GRU. 

 
Figure 3: Training and validation loss curves for optimized 

LSTM, GRU, SRU models. 

 

3. Statistical and Visual Analysis 

 

The statistical summary (mean, standard deviation, 

skew- ness, kurtosis) reinforces that: 

 

o LSTM-GWO has the most stable and tightly 

clustered per- formance distribution. 

o GRU-GWO performs competitively with 

moderate vari- ability. 

o SRU models show higher dispersion and 

occasional ex- treme deviations. 

 

Visualization techniques such as box plots, violin 

plots, radar plots (PBIAS), Taylor diagrams (WI and NSE), 

and loss curves consistently confirm that GWO optimization 

im- proves accuracy, reduces bias, and enhances 

generalization. 

 

4. Overall Findings 

 

The results confirm three major conclusions: 

 

1. Compositional architecture design improves 

forecasting accuracy by modeling each feature 

independently before fusion. 

2. Grey Wolf Optimizer outperforms Random Search, 

con- sistently reducing prediction error and bias. 

3. LSTM-GWO (1-1-0-1) is the most accurate and 

stable model, making it the best candidate for stock 

price fore- casting in this study. 

 

In summary, the results section strongly validates the 

effectiveness of the proposed multi-variant compositional 

RNN framework. The integration of feature-wise encod- ing, 

structured concatenation, dual dropout regularization, and 

metaheuristic optimization significantly enhances stock 

forecasting performance in nonlinear and volatile financial 

markets. 

 

V. CONCLUSION 

 

This study proposed a compositional deep learning 

frame- work for enhancing stock price forecasting accuracy 

us- ing multi-variant Recurrent Neural Network (RNN) archi- 

tectures. By systematically constructing and evaluating 

stacked configurations across LSTM, GRU, and SRU mod- 

els, the research demonstrated that architectural composition 

combined with metaheuristic optimization significantly im- 

proves predictive performance in multivariate financial time- 

series data. 
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The proposed framework introduced feature-wise 

uni- variate RNN encoding, where each OHLCV feature was 

modeled independently before structured concatenation. This 

design preserves individual temporal dynamics while enabling 

effective feature fusion. Additionally, the imple- mentation of 

dual dropout regularization before and after concatenation 

enhanced generalization capability and re- duced overfitting. 

The systematic exploration of architec- tural combinations 

further allowed the identification of opti- mal layer 

compositions for each RNN variant. 

 

Experimental results using Hang Seng Index (HSI) 

data confirmed the effectiveness of the proposed approach. 

Among all evaluated configurations, the LSTM-GWO (1-1- 0-

1) model achieved the best performance, with an R2 value of 

99.2427%, RMSE of 339.3902, MAPE of 1.1721%, RM- SPE 

of 1.6221%, WI of 0.9981, NSE of 0.9924, and mini-mal bias 

(PBIAS = 0.0523). These results indicate high explanatory 

power, low prediction error, strong agreement with observed 

values, and negligible systematic bias. The GRU-GWO model 

demonstrated competitive performance with slightly lower 

accuracy but improved computational ef- ficiency. Although 

SRU models achieved acceptable fore- casting results, they 

exhibited higher variability and lower robustness compared to 

LSTM and GRU. 

 

Furthermore, the Grey Wolf Optimizer consistently 

out- performed Random Search in hyperparameter tuning 

across all RNN variants. GWO achieved lower validation loss, 

re-duced error dispersion, and improved predictive stability, 

highlighting the importance of advanced metaheuristic op- 

timization in deep learning model development for financial 

forecasting tasks. 

 

Overall, the findings confirm that a structured 

composi- tional RNN design combined with metaheuristic 

optimiza- tion provides a robust, scalable, and high-accuracy 

solution for stock price prediction in dynamic and nonlinear 

markets. The proposed framework offers a practical 

foundation for developing intelligent decision-support systems 

to assist in- vestors and financial analysts. 

 

For future research, the framework may be extended 

by incorporating additional technical indicators, atten- tion 

mechanisms, hybrid deep learning architectures, or 

transformer-based models to further enhance forecasting 

adaptability and robustness across different financial mar- 

kets. 
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