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Abstract 
The rise in algorithmic trading has become one of the 

most important elements of the current financial 

markets, due to the complexities involved in the 

movements of stock prices. Nonetheless, traditional 

trading methods have been unable to detect the 

complicated trends and patterns in the market. The 

objective of this study is to develop a machine 

learning approach which employs CNNs and RF in 

the intelligent pattern-based algorithmic trading 

system. The historical data for stock prices of Apple 

Inc. (AAPL) was sourced from Yahoo Finance, with 

the stock price information spanning the time frame 

between January 2012 and January 2026. These stock 

prices were then converted into charts, with the use 

of technical indicators such as Moving Average 

(MA), Relative Strength Index (RSI), MACD and 

trading volumes. The developed framework was 

tested based on regression measures consisting of 

Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), and Mean Absolute Error (MAE) 

along with the measure of trading profit based on 

back-testing. As a result of experiments, it has been 

shown that the Hybrid CNN–RF framework showed 

the minimum prediction errors (MSE = 0.000285, 

RMSE = 0.016893, and MAE = 0.011194) compared 

to the individual CNN and Random Forest 

frameworks. Also, after back-testing, it has been 

shown that the proposed framework provided a final 

portfolio value of $185,458.84 starting from an initial 

value of $100,000, which means an 85.46% return, 

surpassing the Random Forest and CNN methods as 

well as recent state-of-the-art methods. The results 

show that integration of CNN based visual feature 

extraction and Random Forest based ensemble 

decision-making helps in improving the predictions 

and trading profit. 
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I. Introduction 
There have been remarkable changes 

witnessed in the financial market during the last 

decade owing to technological innovations that have 

influenced how trades are conducted and invested 

(Carè & Cumming, 2024). Financial markets have 

various assets, namely stocks, bonds, commodities, 

and foreign exchange, each of which is traded under 

unique conditions and experiences different price 

dynamics based on various economic and 

geopolitical factors and investor psychology 

(Velappan, 2024). With rising complexities and 

volatility in the market, prediction of prices and 

conducting successful trades has become 

increasingly difficult, thus, resulting in a need for 

intelligence in computing for making decisions. 

Algorithmic trading has revolutionized the 

way financial markets operate, especially in highly 

liquid markets like equity and foreign exchange. 

Algorithmic trading refers to the use of computer 

algorithms that allow traders to automatically execute 

trade instructions depending on factors such as price, 

timing, and volume (Huang et al., 2024). As 

compared to manual trading, which relies on human 

intuition and experience, algorithmic trading is more 

advanced in terms of executing strategies that can be 

modified instantly in response to changing market 

conditions (Pant et al., 2024). In fact, algorithmic 

trading has taken over from manual trading as the 

prevailing form of trading strategy used by 

institutional investors and hedge funds. However, 

there are still a number of issues with the traditional 

algorithmic trading systems. Traders have to sift 

through large amounts of financial information, such 

as historical prices, economic variables, and market 

news, yet manual analysis is prone to human 

emotions, biases, and inconsistent judgment (Ng et 

al., 2024). Besides, identifying profitable trading 

patterns manually does not scale to the demands of 

high-frequency trading (Harrison, 2023).  

One of the most common ways of financial 

forecasting is technical analysis, based on the idea 

that there is important information in historical price 
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movements to forecast future behavior of the market 

(Nti et al., 2020). The main tool used in technical 

analysis is the ability to find repeatable forms in the 

history of prices on the market, also known as chart 

patterns, which demonstrate the collective state of the 

market (Santur, 2022). They can be divided into two 

categories - reversal and continuation patterns. 

Reversal patterns, such as double top, double bottom, 

and head and shoulders are signals about the change 

in trends on the market (Fang et al., 2021). 

Continuation patterns, for example, flags, pennants, 

and triangles indicate the period of consolidation on 

the market before the further development of the 

existing trend (Bloch, 2023). Finding these 

formations will allow traders to improve their market 

entry and exit points and, thus, the trading results 

(Willems & Hafermalz, 2021). However, it should be 

mentioned that such an approach requires 

considerable subjective input from each trader due to 

his/her experience and skills. Moreover, the amount 

of data produced by financial markets nowadays is 

enormous. 

With the development of ML technology in 

recent years, there have been many solutions offered 

in order to automate the process of financial pattern 

discovery and trading decision making. In contrast to 

the traditional rule-based techniques, machine 

learning algorithms can learn complicated non-linear 

relations directly from historical financial data sets 

and dynamically adapt to changing conditions of the 

market (Liu et al., 2020). Such an approach allows 

ML models to find patterns of the market that can be 

hardly identified by human analysts, thus increasing 

the efficiency of trading strategies (Sufian, 2024). As 

a result, machine learning is widely used in different 

areas of finance, such as credit scoring, fraud 

detection, portfolio optimization, and automated 

trading. In case of financial trading, ML algorithms 

allow analyzing the market dataset, discovering the 

patterns, and making trading decisions at high 

frequencies of time (Devan et al., 2023). 

In many machine learning approaches, the 

Convolutional Neural Networks (CNNs) have proven 

their great efficiency in detecting visual features and 

complicated spatial patterns. In particular, being 

designed for solving the problem of image 

recognition, CNNs have found an application in 

trading based on transforming the data on historical 

prices into visualized images like candlesticks (Liu et 

al., 2021). Through the process of transformation of 

data into images, CNNs allow identifying 

hierarchical features and complex chart 

configurations linked to the future price changes, 

which makes them appropriate for automated pattern-

based trading systems. In addition to pattern 

recognition, other machine learning algorithms can 

be used to make intelligent decisions during the 

trading process. In particular, the reinforcement 

learning allows trading agents to develop trading 

policies in the process of their interaction with market 

environment and getting feedback based on the 

system of rewards and punishments (Kwon & Lee, 

2024; Salem-Garcia et al., 2023). Besides, support 

vector machines show great predictive ability in the 

financial markets (Fonseca et al., 2021). 

Based on these developments, this research 

presents a machine learning based framework for 

pattern-based trading through the use of 

Convolutional Neural Networks (CNNs) combined 

with Random Forest (RF). The framework makes use 

of the CNNs to automatically detect profit-making 

chart patterns from historical stock price information 

gathered from the Kaggle database through the 

analysis of the candlestick chart representations. The 

pattern information detected is then used by the RF 

classifier in creating trading strategies to maximize 

profit and minimize investment risks. The 

combination of the effective visual feature detection 

ability of the CNNs and the good classification 

performance of the Random Forest allows the 

proposed trading framework to be a better option for 

financial trading in unpredictable market conditions 

than other existing methods. 

 

II. Related Works 
Olorunsheye and Meenakshi (2024) came 

up with a novel algorithmic trading strategy that uses 

artificial intelligence algorithms to predict future 

price moves without the use of traditional technical 

indicators. The algorithm used a combination of price 

action and artificial intelligence algorithms to make 

automatic trading decisions, attaining a maximum 

drawdown of 1.06% and a profitability of more than 

297% within a testing duration of 22 months in the 

EUR/USD currency pair. Despite the model being 

effective in improving profits in trading, it lacks deep 

visual chart patterns identification. Bharathimohan et 

al. (2024) suggested a deep reinforcement learning 

architecture that incorporates financial sentiment 

analysis via FinBERT and RoBERTa with market 

indicators for stock trading automation. In the 

experiment, three algorithms, namely, Proximal 

Policy Optimization (PPO), Deep Q-Network 

(DQN), and Advantage Actor-Critic (A2C), were 

used. The highest Sharpe and Sortino ratios were 

obtained in favor of PPO on both Facebook and 

Goldman Sachs data sets. However, despite 

impressive results, the model was based mainly on 

sentiment from text and not from charts. 

Gurung et al. (2024) explored several 

machine learning approaches to implement 

algorithmic trading based on Amazon stocks' data: 
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Ridge Regression, AdaBoost, LightGBM, CatBoost, 

and XG-Boost. Results from experimental analysis 

proved that XGBoost outperformed other techniques 

in terms of predictability, showing an R² of 99.24% 

and an accuracy of 99.23%. While the research 

highlighted the applicability of ensemble learning to 

predict stock behavior, it was solely concentrated on 

numerical features' predictions without resorting to 

deep learning techniques to automate chart pattern 

detection. 

Huang et al. (2024a) developed a new 

Multi-Agent Double Deep Q-Network (MADDQN), 

which integrates TimesNet and Multi-Scale 

Convolutional Neural Network (MSCNN). The 

proposed multi-agent reinforcement learning 

approach demonstrated an average cumulative return 

of 23.08% over several stock indices of the United 

States but showed superior performance in terms of 

risk-return ratio compared to existing single-agent 

models. Nonetheless, the authors focused on the 

reinforcement learning optimization task and did not 

consider the problem of automatic chart pattern 

detection. The Adaptive Risk-sensitive Transformer-

based Deep Reinforcement Learning (ART-DRL) 

model was developed by Wang and Liu (2025) to 

address the problem of portfolio optimization in the 

volatile commodity futures markets. The ART-DRL 

model uses Transformer models in conjunction with 

many deep reinforcement learning agents and risk-

sensitive rewards to obtain a Sharpe ratio of 4.340 

and a Sortino ratio of 57.766 in volatile markets. 

However, despite its impressive portfolio 

optimization performance, the model does not 

automate candlestick pattern identification for signal 

generation. 

 

III. Methodology 
3.1 Research Design 

In this research, the experimental research 

method was applied to develop a hybrid machine 

learning system that allows for intelligent algorithmic 

trading. In particular, the developed framework 

combines the visual feature extraction ability of CNN 

with the decision-making capacity of the RF 

algorithm. The experimental process consists of five 

main phases, namely data collection, data 

preparation, model creation, hyperparameter tuning, 

and performance evaluation. OHLC price, trading 

volume, and technical indicators data of historical 

stock market were obtained and converted into chart 

images appropriate for deep learning. CNN was used 

for automatic feature extraction from candlestick 

charts, after which these features along with technical 

indicators were fed to the Random Forest model to 

predict trading decisions. Hyperparameter tuning was 

conducted to increase model convergence and 

decrease overfitting. Finally, the framework was 

tested based on the criteria of machine learning and 

financial performance. 

 
Figure 3.1: Research Design Flow 

 

3.2 Dataset Description 

The experiment used historical stock price data for 

Apple Inc. (AAPL) from the Yahoo Finance database 

for the time period January 2012 - January 2026. 

There were 3,466 samples in the dataset that included 

different market states such as bullish, bearish, and 

sideways markets. In each sample, there were values 

for OHLC (Open, High, Low, Close) prices and 

volumes from which several technical indicators such 

as MA (Moving Average), RSI (Relative Strength 

Index), MACD (Moving Average Convergence 

Divergence), and volatilities were calculated. The 

dataset was split into 70% training, 15% validation, 

and 15% testing samples in order to build reliable 

models. The prediction task was to forecast 5 days 

future return. 

 
3.3 Data Preprocessing 

Financial time-series data are noisy, 

inconsistent, and non-stationary; hence, 

preprocessing of the data was done prior to training 

of models. During data preprocessing, the missing 

data was interpolated using forward fill interpolation 
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technique to maintain consistency, while the data 

lacking enough information to compute technical 

indicators was removed. Furthermore, feature scaling 

was employed to stabilize the training process. 

Particularly, the min-Max feature scaling as shown in 

equation 3.1 was utilized for the CNN since it helps 

with gradient flow within the network, while 

Standardized feature scaling was done for the 

Random Forest.  

 
𝑥𝑡
′ =

𝑥𝑡 −min(𝑥)

max(𝑥) − min(𝑥)
 

(3.1) 

 

Thence, the time Series prices were then converted 

into candle stick charts to allow visual feature 

extraction by CNN. Meanwhile, technical indicators 

like Moving Average, RSI, MACD, and Volatility 

were calculated from the initial numeric time series. 

Finally, the preprocessed data was divided into 

separate training, validation, and test sets. 

 
3.4 Proposed CNN–Random Forest Framework 

The proposed method utilizes the combination of 

deep representation learning and ensemble learning 

techniques to enhance the results of algorithmic 

trading. The method is made up of two parts, each of 

which comes after another. In the first part, a 

Convolutional Neural Network automatically learns 

hierarchical features from image data, specifically 

candlestick chart images, and extracts market 

structures that are hard to recognize manually. In the 

second part, the CNN features are used together with 

other classical indicators and fed into the Random 

Forest algorithm that produces the output predictions. 

 
3.4.1 CNN Feature Extraction 

The CNN algorithm was engineered to 

automatically detect trading patterns within the 

images of candlesticks charts. The historical prices 

were converted into images that maintain the spatial 

information about price movements. Convolutional 

layers were used to extract both local and global 

features of the market, while ReLU activation 

function was used to add non-linearity. Max-pooling 

layers were used to reduce the spatial dimensionality 

while keeping only the informative features, which 

increases the computational speed and reduces the 

chance of overfitting. The resulting feature maps 

were flattened into high-dimensional feature vectors, 

which capture the learned market behavior. It is 

worth mentioning that the algorithm does not 

generate trading decisions but rather serves as an 

automated feature extractor. 

 
3.4.2 Random Forest Decision Model 

The Random Forest element served as the decision-

making process for the developed framework. The 

CNN-derived feature vector was appended with 

financial features such as Moving Average, RSI, 

MACD, volatility, and trading volume in order to 

create a feature vector. Random Forest algorithm 

creates many decision trees using techniques like 

bootstrapping and randomly selecting features, which 

helps improve the generalization of the model. In 

case of prediction, the output of each tree is combined 

using techniques such as averaging or voting 

depending upon the type of problem at hand. 

 
3.4.3 Hybrid CNN–RF Architecture 

The hybrid CNN–RF architecture follows a 

two-stage learning strategy. Initially, raw historical 

price data are transformed into candlestick chart 

images and processed by the CNN to learn 

hierarchical market representations automatically. 

These deep features are subsequently fused with 

engineered technical indicators to create a unified 

feature space containing both learned and domain-

specific financial information. The fused features are 

then used to train the Random Forest model, which 

predicts future returns or generates Buy, Sell, and 

Hold trading signals. During strategy execution, the 

generated signals are evaluated through back-testing 

using historical market data. This integrated 

architecture exploits the complementary strengths of 

deep learning and ensemble learning, enabling 

accurate pattern recognition, robust decision-making, 

and improved resistance to noisy financial 

environments. 

 

3.5 Performance Evaluation 

To evaluate the effectiveness of the 

developed model, the performances are assessed both 

on the basis of predictive performance metrics and 

financial trading performance metrics. Regression 

performance was employed to measure the model 

performance via the Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), Mean Absolute 

Error (MAE) and the Coefficient of Determination 

(R²), which can be used for measuring the accuracy 

of returns prediction. Trading performance was also 

measured on the basis of the Cumulative Return 

which assess the profitability of the trading strategy.  

 

Metrics Formular Description 

Mean Squared Error (MSE) 

MSE =
1

𝑁
∑(

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Measures the average squared 

difference between actual and 

predicted values. It penalizes 
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larger prediction errors more 

heavily, making it sensitive to 

outliers. 

Root Mean Squared Error 

(RMSE) 
RMSE = √

1

𝑁
∑(

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Computes the square root of the 

MSE, restoring the prediction error 

to the original unit of the target 

variable for easier interpretation. 

Mean Absolute Error (MAE) 

MAE =
1

𝑁
∑ ∣

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣ 
provides a complementary 

measure by averaging the absolute 

magnitude of prediction errors, 

making it more robust to outliers 

Coefficient of Determination 

(R²) 

𝑅2 = 1 −
∑ (

𝑁

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑁

𝑖=1
𝑦𝑖 − 𝑦̄)2

 

Measures how well the model 

explains the variance in the 

observed data. Values closer to 1 

indicate better predictive 

performance. 

Cumulative Return Cumulative Return

=∏(1 +

𝑛

𝑡=1

𝑅𝑡)

− 1 

Measures the total compounded 

return generated over the entire 

trading period. 

 

IV. Results and Discussion 
4.1 Exploratory Data and Feature Importance 

Analysis 

Exploration of the AAPL dataset showed 

that there were sustained price uptrends with some 

instances of volatility from time to time. Trend 

reversal, change of momentum and overbought and 

oversold status could be easily detected using 

technical indicators such as the 20-day SMA, 50-day 

SMA, Relative Strength Index, and MACD indicator. 

Trading volume also had periodic spikes in times of 

important market events, which implied heavy 

participation of the investors during these volatile 

times. This proves that the dataset has enough 

temporal and structural features that can be used with 

both CNN and Random Forest. 
 

 

Figure 4.1: 20-day and 50-day Simple Moving 

Averages 

 

The feature importance ranking extracted 

from the Random Forest model as shown in figure 4.2 

revealed MACD Signal, Average True Range, 

Volume SMA (20), MACD, and 50-day simple 

moving average as the most important features. From 

these results, we can infer that momentum, volatility, 

and volume are far more important for predicting 

returns compared to prices themselves, which makes 

the approach of feature engineering quite justified. 
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Figure 4.2: Feature Importance Analysis 

 

4.2 Predictive Performance Evaluation 

Table 4.1 compares the predictive 

performance of the Random Forest, CNN, and 

Hybrid CNN–RF models. The Hybrid model 

achieved the lowest prediction errors, recording an 

MSE of 0.000285, RMSE of 0.016893, and MAE of 

0.011194. These results demonstrate that combining 

CNN-based feature extraction with Random Forest 

decision learning improves prediction accuracy over 

the individual models by reducing variance while 

preserving nonlinear market representations.  

 

 

Table 4.2: Models Performance Metrics for Predictive Models 

Metric Random Forest CNN Hybrid (CNN–RF) 

MSE 0.000288 0.000300 0.000285 

RMSE 0.016981 0.017308 0.016893 

MAE 0.011425 0.011553 0.011194 

 

4.3 Trading Performance Evaluation 

Table 4.2: Profitability Analysis Based on Initial Capital of $100,000 

Strategy Final Portfolio Value ($) Total Profit / Loss ($) 

Random Forest 146,644.61 +46,644.61 

CNN 99,489.80 −510.20 

Hybrid (CNN–RF) 185,458.84  +85,458.84 

 

The outcomes from back-tests showed that 

the Hybrid CNN-RF method consistently beat the 

CNN, RF, and Buy-and-Hold methods. With a starting 

portfolio of $100,000, the Hybrid approach provided a 

portfolio worth of $185,458.84, which represents a 

gain of $85,458.84. The Random Forest algorithm 

gave $146,644.61, whereas the CNN could not 

produce any profits. From this, one can conclude that 

the hybrid approach effectively converts increased 

prediction accuracy into superior performance using 

feature learning and ensembles. 
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4.4 Comparative Analysis with Existing Studies 

Table 4.3: State of the art Comparative Result Analysis of Investment Improvement 

Study Model Dataset/Asset 
Investment 

Performance 

Current Study 

Comparison 

Otabek & Choi 

(2024) 

Multi-Level DQN 

+ Sentiment 

Analysis 

Bitcoin 

+29.93% 

investment value 

(Sharpe > 2.7) 

Current study 

achieved a higher 

portfolio return of 

85.46% ($100,000 

→ $185,458.84). 

Huang et al. 

(2024b) 

MADDQN + 

TimesNet + 

MSCNN 

U.S. Stock Indices 
23.08% cumulative 

return 

Current study 

outperformed with 

85.46% portfolio 

growth. 

Current Study 

Hybrid CNN–

Random Forest 

Trading System 

AAPL Stock 

85.46% portfolio 

return ($100,000 

→ $185,458.84) 

Highest 

investment 

performance 

among the 

compared studies. 

 

Further comparison was conducted between 

the proposed Hybrid CNN–RF approach and other 

recent state-of-the-art trading algorithms. In relation 

to the Multi-Level DQN of Otabek and Choi (2024), 

which obtained an investment enhancement of 

29.93%, and the MADDQN architecture of Huang et 

al. (2024b), which attained a total return on 

investment of 23.08%, the proposed approach 

yielded an investment growth rate of 85.46%. 

 

V. Conclusion 
The current research developed a novel 

hybrid CNN-Random Forest model to support 

intelligent algorithmic trading through a combination 

of deep pattern recognition and ensemble decision-

making. In this way, the developed framework 

successfully overcomes some inherent limitations of 

existing trading systems through automatic learning 

of sophisticated chart patterns based on candlestick 

images as well as their combination with technical 

indicators in order to make reliable trading decisions. 

Experimentally, the effectiveness of the proposed 

model was confirmed through comparison of its 

predictive performance with that of pure CNN and 

Random Forest models, where the hybrid framework 

demonstrated superior results in terms of all criteria, 

including minimum MSE, RMSE, and MAE values. 

In addition, results of the back-testing indicated that 

the proposed framework provided the highest level of 

investment gain through increasing the initial 

portfolio from $100,000 up to $185,458.84, which 

corresponds to an 85.46% portfolio increase. 

Comparative analysis of recent state-of-the-art 

approaches additionally proves the high quality of the 

proposed framework in terms of its investment 

performance. Therefore, results of the research 

proved the effectiveness of the use of CNN-based 

pattern recognition combined with the Random 

Forest-based decision aggregation for improvement 

of algorithmic trading in conditions of volatility of 

financial market. 

 

Reference 
[1]. Bloch, D. A. (2023). Future testing 

Quantitative Strategies. Available at SSRN: 

https://ssrn.com/abstract=4647103 or 

http://dx.doi.org/10.2139/ssrn.4647103 

[2]. Carè, R., & Cumming, D. (2024). Technology 

and automation in financial trading: A 

bibliometric review. Research in International 

Business and Finance, 71, 102471. 

[3]. Devan, M., Thirunavukkarasu, K., & 

Shanmugam, L. (2023). Algorithmic Trading 

Strategies: Real-Time Data Analytics with 

Machine Learning. Journal of Knowledge 

Learning and Science Technology, 2(3), 522-

546. 

[4]. Du, S., and Xie, C., (2021). Paradoxes of 

artificial intelligence in consumer markets: 

Ethical challenges and opportunities. Journal 

of Business Research, 129, 961-974. 

[5]. Fang, K., Wang, S., He, J., Song, J., Fang, C., 

& Jia, X. (2021). Mapping the environmental 

footprints of nations partnering the Belt and 

Road Initiative. Resources, Conservation and 

Recycling, 164, 105068. 

[6]. Fonseca, A. R., Leles, M. C., Moreira, M. G., 

Vale-Cardoso, A. S., Pereira, M. V., Sbruzzi, 

E. F., & Nascimento, C. L. (2021, April). 

Testing the application of support vector 

machine (SVM) to technical trading rules. In 

2021 IEEE International Systems Conference 

(SysCon) (pp. 1-8). IEEE. 



 

 

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 8, Issue 8 August. 2026, pp: 67-74    www.ijaem.net    ISSN: 2395-5252 

                                      

 

 

 

DOI: 10.5281/zenodo.21867859       | Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal          Page 74 

[7]. Gurung, N., Hasan, M. R., Gazi, M. S., & 

Islam, M. Z. (2024). Algorithmic Trading 

Strategies: Leveraging Machine Learning 

Models for Enhanced Performance in the US 

Stock Market. Journal of Business and 

Management Studies, 6(2), 132-143. 

[8]. Harrison, M. (2023). Essays in high frequency 

trading and market structure (Doctoral 

dissertation, University of East London). 

[9]. Huang, Y., Chen, X., & Li, Z. (2024a). Deep 

reinforcement learning with attention-based 

BiLSTM for financial portfolio optimization. 

IEEE Access, 12, 56789–56805. 

[10]. Huang, Y., Wan, X., Zhang, L., & Lu, X. 

(2024). A novel deep reinforcement learning 

framework with BiLSTM-Attention networks 

for algorithmic trading. Expert Systems with 

Applications, 240, 122581. 

[11]. Huang, Y., Zhang, H., & Wang, S. (2024b). 

Multi-agent deep Q-network with TimesNet 

for intelligent stock trading. Knowledge-

Based Systems, 285, 111256. 

[12]. Huang, Y., Zhou, C., Cui, K., & Lu, X. (2024). 

A multi-agent reinforcement learning 

framework for optimizing financial trading 

strategies based on timesnet. Expert Systems 

with Applications, 237, 121502. 

[13]. Huang, Y., Zhou, C., Cui, K., & Lu, X. 

(2024a). A multi-agent reinforcement learning 

framework for optimizing financial trading 

strategies based on TimesNet. Expert Systems 

with Applications, 237, 121502. 

[14]. Huang, Y., Zhou, C., Cui, K., & Lu, X. 

(2024b). Improving algorithmic trading 

consistency via human alignment and 

imitation learning. Expert Systems with 

Applications, 124350. 

[15]. Kwon, Y., & Lee, Z. (2024). A hybrid decision 

support system for adaptive trading strategies: 

Combining a rule-based expert system with a 

deep reinforcement learning strategy. Decision 

Support Systems, 177, 114100. 

[16]. Liu, X. Y., Yang, H., Chen, Q., Zhang, R., 

Yang, L., Xiao, B., & Wang, C. D. (2020, 

December). FinRL: A deep reinforcement 

learning library for automated stock trading in 

quantitative finance. In Deep Reinforcement 

Learning Workshop at the 34th Conference on 

Neural Information Processing Systems 

(NeurIPS 2020), Vancouver, Canada. 

[17]. Liu, Y., Pu, H., & Sun, D. W. (2021). Efficient 

extraction of deep image features using 

convolutional neural network (CNN) for 

applications in detecting and analysing 

complex food matrices. Trends in Food 

Science & Technology, 113, 193-204. 

[18]. Ng, I. K., Goh, W. G., Teo, D. B., Chong, K. 

M., Tan, L. F., & Teoh, C. M. (2024). Clinical 

reasoning in real-world practice: a primer for 

medical trainees and practitioners. 

Postgraduate Medical Journal, 079. 

[19]. Nti, I. K., Adekoya, A. F., & Weyori, B. A. 

(2020). A systematic review of fundamental 

and technical analysis of stock market 

predictions. Artificial Intelligence Review, 

53(4), 3007-3057. 

[20]. Otabek, S., & Choi, J. (2024). Multi-level deep 

Q-networks for Bitcoin trading strategies. 

Scientific Reports, 14(1), 771. 

[21]. Pant, P., Mishra, K. K., & Mohan, A. (2024). 

Algorithmic Approaches to Financial 

Technology: Forecasting, Trading, and 

Forecasting. In Artificial Intelligence and 

Machine Learning-Powered Smart Finance 

(pp. 50-81). IGI Global. 

[22]. Salem-Garcia, N., Palminteri, S., & Lebreton, 

M. (2023). Linking confidence biases to 

reinforcement-learning processes. 

Psychological Review, 130(4), 1017. 

[23]. Santur, Y. (2022). Candlestick chart-based 

trading system using ensemble learning for 

financial assets. Sigma Journal of Engineering 

and Natural Sciences, 40(2), 370-379. 

[24]. Sufian, M. A. (2024). Developing Trading 

Strategies in Decentralized Market Prediction 

by Using AI, ML, and Blockchain Technology. 

In Blockchain and AI (pp. 58-122). CRC 

Press. 

[25]. Velappan, S. (2024). Co-volatility dynamics in 

global cryptocurrency and conventional asset 

classes: a multivariate stochastic factor 

volatility approach. Studies in Economics and 

Finance, 41(5), 1023-1043. 

[26]. Wang, X., & Liu, L. (2025). Risk-Sensitive 

Deep Reinforcement Learning for Portfolio 

Optimization. Journal of Risk and Financial 

Management, 18(7), 347. 

[27]. Willems, T., & Hafermalz, E. (2021). 

Distributed seeing: Algorithms and the 

reconfiguration of the workplace, a case 

of'automated'trading. Information and 

Organization, 31(4), 100376. 

 



    x  t ′ =     x  t − min ⁡ ( x )  max ⁡ ( x ) − min ⁡ ( x )


  MSE =  1  N   ∑  i = 1  N (   y  i −     y ^  i  ) 2


  RMSE =   1  N   ∑  i = 1  N (   y  i −     y ^  i  ) 2


  MAE =  1  N   ∑  i = 1  N ∣   y  i −     y ^  i ∣


    R 2 = 1 −     ∑  i = 1  N (   y  i −     y ^  i  ) 2    ∑  i = 1  N (   y  i −   y ˉ  ) 2


  Cumulative Return =   ∏  t = 1  n  ( 1 +   R  t ) − 1

