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 Stocks are a popular investment instrument but carry high risks, where 

investors may incur losses when stocks are bought at high prices and sold at 

lower prices. Technical analysis is used to study past stock price behavior to 

predict future prices. In this study, grammatical evolution (GE) is applied as 

an evolutionary computing technique to discover optimal functions or 

programs that represent historical stock price data. This study develops GE-

based prediction models by utilizing objective functions and search spaces 

defined through grammar. The model integrates technical indicators based 

on complex statistical models such as autoregressive integrated moving 

average (ARIMA), prophet, exponential smoothing, and Fibonacci 

retracements. Furthermore, this study employs GE to generate ensemble 

weights randomly, ensuring each model contributes equitably to the final 

prediction formula. Experiments were conducted using multiple stock 

datasets, including SMAR, S&P 500, the Johannesburg Stock Exchange 

(JSE), the New York Stock Exchange (NYSE), and Adani Enterprises 

(ADANIENT), to evaluate the model’s adaptability and generalization 

capability. The results demonstrate that the proposed GE model effectively 

captures complex market patterns and produces more reliable stock price 

predictions compared to deep learning-based approaches. Although GE 

requires greater computational time, the findings suggest that GE provides a 

flexible and effective framework for constructing hybrid stock price 

forecasting models in dynamic market environments. 
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1. INTRODUCTION 

Stocks can represent an individual’s or an entity’s ownership in a company or a limited liability 

corporation. In this context, financial analysts apply fundamental and technical analysis, statistical experts 

focus on time series analysis, and computer science researchers adopt machine learning approaches [1]. Stock 

investors typically conduct in-depth analysis before executing transactions to maximize profits and minimize 

losses to maximize profits and minimize losses. Technical analysis is a commonly applied method that rests 

on the belief that past market movements are likely to reappear, as human behavior tends to be consistent 

across similar situations. As a result, trends and price patterns are viewed as fractal in nature [2]. 

Several studies have used grammatical evolution (GE) to develop strategies for predicting stock 

price movements, among them [3]−[9]. Megane et al. [4] introduced probabilistic structured grammatical 

evolution (PSGE), combining structured grammatical evolution (SGE) and probabilistic grammatical 

evolution (PGE) to guide rule selection using probabilistic grammar updates, showing improved performance 

https://creativecommons.org/licenses/by-sa/4.0/
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over GE and PGE but not consistently outperforming SGE. Meanwhile, Pawlak and O’Neill [7] introduced 

the grammatical evolution for constraint synthesis (GECS) algorithm to automate constraint synthesis in 

mixed-integer linear programming (MILP) models using GE and Zuse Institute Mathematical Programming 

Language (ZIMPL) grammar. However, it is effectiveness depends heavily on the completeness of input data 

and may still require iterative refinement [7]. Additionally, Ryan et al. [10] compared various smoothing 

methods, including moving average and exponential smoothing, and suggested that combining autoregressive 

integrated moving average (ARIMA) with exponential smoothing could enhance their model’s effectiveness. 

Recent studies have increasingly investigated neural forecasting and hybrid ensemble approaches 

for stock price prediction, including hybrid ARIMA–long short-term memory (LSTM) models and 

transformer-based approaches for time series forecasting, along with performance comparisons against 

advanced deep learning architectures like temporal fusion transformers (TFT), N-BEATS, and informer.  

Nti et al. [11] evaluated ensemble learning methods bagging, boosting, stacking, and blending using decision 

tree (DT), support vector machine (SVM), and neural network models on stock data from multiple 

exchanges, finding that stacking and blending achieved higher predictive accuracy but incurred high 

computational costs and exhibited dependence on dataset characteristics. Then, Aggrawal and Dhawan [12] 

compared deep learning models (TFT, N-BEATS, temporal convolution network (TCN)) with LSTM and gated 

recurrent units (GRU) for short-term prediction, revealing that LSTM and GRU were more stable and accurate, 

while newer architectures struggled to generalize across multivariate data. Subsequently, Li and Pan [13] 

proposed a blending ensemble combining LSTM and GRU with a fully connected neural network  

meta-learner, using quantitative and sentiment-based information from financial news to predict the  

S&P 500. However, their model was limited by the short six-month dataset and it is focus on a single index. 

Meanwhile, Abdulrahman et al. [14] proposed a hybrid ARIMA-LSTM model enhanced by discrete Fourier 

transform (DFT) decomposition to separate linear and nonlinear components, achieving improved accuracy 

over standalone models but lacking statistical validation and cross-market testing. 

GE represents a promising branch of genetic programming that employs an evolutionary algorithm–

based search mechanism together with domain-specific grammar specifications expressed in Backus-Naur 

form (BNF) to generate symbolic expressions [3]. This research aims to implement ARIMA, prophet, 

exponential smoothing, and Fibonacci retracements methods within the GE algorithm to produce more 

complex and accurate technical analysis indicators. This study is expected to provide significant benefits in 

confirming the effectiveness of GE as a tool for generating innovative stock indicators and creating a  

higher-accuracy stock prediction system creating a higher accuracy stock prediction system. Moreover, the 

findings from this research opens avenues for further in-depth research in developing more robust and 

accurate stock prediction systems. 

 

 

2. METHOD 

This chapter discusses the methodology for designing a technical analysis model for stock 

prediction systems using the GE algorithm. The methodological framework details the research process, 

which includes data collection, preprocessing, model construction, training and testing phases, and the 

evaluation and analysis of the obtained results. Through these stages, the research methodology provides a 

comprehensive guide for designing, training, and testing a technical analysis model using the GE algorithm. 

Figure 1 presents research stages diagram, summarizing steps from data collection to performance analysis. 

This research is based on stock data from PT Sinar Mas Agro Resources and Technology  

(PT SMART Tbk) with the stock code SMAR.JK, sourced from Yahoo Finance, covers January 2022 to 

January 2023. The data used is the closing price (close price) of the stock, as it is considered the most stable 

and widely referenced price that reflects market consensus at the end of each trading day. This research will 

focus on developing a comprehensive prediction model but needs to include the practical application of the 

model itself. 

In the preprocessing stage, a min–max scaling approach is employed to normalize the data, where 

feature values are mapped into the [0, 1] interval. Feature normalization is needed to eliminate the effect of 

several quantitative features measured on different scales [15]. The dataset is partitioned into two subsets, 

with 80% allocated for training (from January 1, 2020 to January 14, 2023) and 20% allocated for testing 

(from January 15, 2023 to October 31, 2023). The training data helps the model recognize patterns, while the 

testing data evaluates its predictive accuracy. 

The BNF grammar is designed to define the syntactic rules that shape potential programs in the 

population [16]. This includes basic operators, mathematical functions, and features such as ARIMA, 

prophet, exponential smoothing, and Fibonacci retracements. The grammatical rules help structure the 

functions created by GE. 
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Figure 1. Research stages diagram 
 
 

This study employs two BNF, the first BNF is utilized for preprocessing stock data by converting 

the raw data into a structured form that is appropriate for analytical purposes. Additionally, this BNF is 

designed to reduce noise in highly volatile data, thereby improving data quality and supporting more accurate 

predictions. The detailed design of the first BNF is presented in Table 1. 

The second BNF is developed to construct predictive models by integrating multiple forecasting 

methods, including ARIMA, prophet, exponential smoothing, and Fibonacci retracements. This integration 

aims to produce a robust and adaptive model capable of handling complex stock data patterns. The detailed 

design of the second BNF is presented in Table 2. The study is conducted under two primary scenarios: using 

only the second BNF and combining both BNFs to optimize the analysis and prediction process. 
 

 

Table 1. Backus-Naur form data transformation 

 
 

Table 2. Backus-Naur form forecasting model 
Non-terminal  Production rules 

<start>  := <expression> 
<expression> := <expression><operator><expression> | <variable> | (0.<digit>*<arima>) | (0.<digit>*<prophet>) | 

(0.<digit>*<expsmooth>) |  <fibonacci> 

<operator> := + | -  
<variable> := yt-<constant>  
<constant> := 0 | <digit> | <digit> <constant> 

<digit> := 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 
<arima> := ARIMA([data_train], [data_test_length], [days_interval],  <digit>, <digit>, <digit>) 

<prophet> := Prophet([data_train], [data_test_length]) 

<expsmooth> := ExpSmoothing ([data_train], [data_test_len], 0.<digit>, 0.<digit>) 
<fibonacci> := FibRetracements([data_train], <constant>, <constant>, <constant>) 

 

 

Model construction involves initializing the population, translating chromosomes, evaluating fitness, 

and applying genetic operators such as crossover and mutation to produce new generations. The translated 

chromosomes are represented as functions and assessed using root mean square error (RMSE) to measure 

Non-terminal  Production rules 

<start> ::= <expression> 
<expression> ::= <expression> <operator> <expression> | <function> (<expression>) | <variable> | <constant> 

<operator> ::= + | - | * | / 

<function> ::= sin | cos | tan | sqrt | abs 
<variable> ::= yt-1 | yt-2 | yt-3 | yt-4 | yt-5 | yt-6 | yt-7 | yt-8 | yt-9  
<constant> ::= 0 | <digit> | <digit> <constant> 

<digit> ::= 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 
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prediction accuracy against actual values. To ensure valid and efficient chromosome translation, a duplicate 

and prune mechanism is applied during the mapping process. The duplicate step handles invalid 

chromosomes by regenerating valid ones, while the prune step marks the last used element to indicate the end 

of a valid expression, effectively ignoring unused codons to improve translation efficiency and reduce 

computational overhead. These functions evolve across generations until an optimal solution is achieved. The 

highest fitness value is considered the optimal solution; a; a lower RMSE value results in a higher fitness 

score, indicating a model with better predictive capability [17]. Figure 2 illustrates the GE diagram, providing 

a detailed visualization of the evolutionary process and its components, including initialization, translation, 

fitness evaluation, and the application of genetic operators. In the training process, functions are progressively 

refined based on historical stock data to identify the best-performing model, which is subsequently tested on 

unseen data using mean absolute percentage error (MAPE) as the evaluation metric. Finally, parameter 

optimization and computational efficiency are analyzed. 
 

 

 
 

Figure 2. Grammatical evolution diagram 

 

 

3. RESULTS AND DISCUSSION 

This section presents the experimental results and evaluation metrics used in the proposed prediction 

framework. All experiments in this study were conducted using Python 3.11.0, along with the scikit-learn, 

ARIMA, prophet, and exponential smoothing libraries. The primary dataset was divided into a training set 

containing 745 samples (80% of the total data) and a testing set with 187 samples (20% of the total data) to 

train the model and assess its performance. Model performance was measured using RMSE, R2 score, and 

MAPE. The prediction results are summarized in the Table 3. In this study, a comparative analysis was 

conducted on the performance of the GE model alongside three other prediction models: ARIMA [18]−[20], 

prophet [21]−[24], exponential smoothing [25], [26], and Fibonacci retracements [27]. Each model was 

evaluated using the same stock data, with identical training and testing data splits, and consistent 

preprocessing methods. 

 

3.1.  Evaluation of the best individual 

This study evaluates individuals in the GE model using RMSE as the primary fitness metric to measure 

prediction error. At the end of each generation, model performance is further assessed using MAPE and the R² 

score, where MAPE measures the average percentage error and R² indicates the degree of variance in the dataset 

that can be attributed to the model. The equations used in this evaluation are shown in (1) to (6) [28]−[32]. 
 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =
1

𝑅𝑀𝑆𝐸 − ɛ
 (1) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1  (2) 

 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖 −ŷ𝑖

𝑦𝑖 
| 𝑥 100%𝑛

𝑖=1  (3) 

 

𝑅2 = 1 −  
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
 (4) 

 

𝑆𝑆𝑟𝑒𝑠  = ∑ (𝑦𝑖 − ŷ𝑖)
2𝑛

𝑖=1  (5) 
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𝑆𝑆𝑡𝑜𝑡 = ∑ (𝑦𝑖 − ӯ𝑖)
2𝑛

𝑖=1  (6) 

 

The terms used in the equations are defined as follows: ε is a small constant added to avoid division 

by zero, 𝑛 denotes the total number of data points, 𝑦ᵢ represents the actual values, and ŷᵢ indicates the 

predicted values generated by the regression model. For the R² metric, ӯᵢ is the mean of the observed values, 

while 𝑆𝑆ᵣₑₛ and 𝑆𝑆ₜₒₜ denote the residual and total sums of squares, respectively. These definitions collectively 

support the evaluation of model performance. 

 

 

Table 3. Summary of prediction results 
Model Running time (s) R2 score RMSE (Rp) MAPE Parameter 

Simple exponential 

smoothing 

0.5 -0.15 396.85 0.07 α =0.913 

Double exponential 

smoothing 

0.6 0.37 293.84 0.04 α =0.6; β =0.2 

Holt’s winter 

Exponential smoothing 

0.8 0.36 294.91 0.05 Additive+Damped 

α =0.6; β =0.15; γ =0.15 

Facebook prophet 1.5 -0.528 456.55 0.077 seasonality='multiplicative'; daily_seasonality 

= True; weekly_seasonality = False; 

yearly_seasonality = True 

ARIMA 1 -0.302 421.4 0.078 diff =30 days; (p, d, q) =(1, 0, 0) 

Grammatical evolution 6129 0.784 171.71 0.0281 Population =50; Generation =20; Crossover 

=0.9; Mutation =0.5; Selection Method = 

Roulette Wheel; 

 

 

3.2.  Optimal chromosome and translation process 

In this study, the search for the optimal chromosome begins with an initial population of 100 

chromosomes. Each chromosome is then translated into a mathematical formula, and the resulting formula is 

tested using test data. The chromosome with the highest fitness value, indicating the best performance based 

on the test data, is designated as the optimal chromosome. 

If the translation process results in an invalid formula, the chromosome will be duplicated up to a 

maximum limit of 600 chromosomes. If the duplication exceeds this limit without producing a valid formula, 

a new chromosome is generated to replace the invalid one. This approach aims to maintain the quality of the 

chromosome population and ensure that the translation process produces reliable solutions. 

The translation process aims to produce the most accurate prediction formula. Once a valid formula 

is generated, pruning is applied to remove irrelevant or redundant chromosomes, simplifying the model and 

improving efficiency by retaining only components that significantly contribute to prediction accuracy. As 

shown in Table 4, translation is performed by modulating each chromosome value according to the BNF 

grammar rules, where each modulation result determines the applied expression rule. This process continues 

until all chromosome values are used or a valid formula is obtained. 

 

 

Table 4. The best model prediction 
Best chromosome Best model prediction 

[22, 49, 84, 21, 48, 95, 99, 38, 78, 6, 49, 72, 25, 39, 29, 48, 49, 41, 47, 10, 11, 

42, 41, 35, 24, 84, 66, 78, 37, 58, 83, 2, 41, 35, 86, 51, 31, 2, 62, 84, 94, 80, 

41, 73, 41, 29, 12, 62, 77, 2, 27, 86, 91, 31, 80, 41, 75, 7, 75, 50, 80, 65, 56, 
64, 44, 19, 71, 7, 52, 22, 98, 21, 46, 57, 11, 21, 34, 83, 44, 41, 83, 29, 62, 24, 

30, 80, 12, 59, 96, 94, 57, 45, 21, 86, 96, 1, 18, 89, 30, 77, 1, 87, 57, 15, 62, 

95, 37, 8, 55, 57, 22, 26, 11, 12, 63, 36, 24, 62, 42, 3, 41, 44, 83, 34, 53, 43, 
57, 46, 79, 88, 40, 35, 88, 32, 19, 7, 24, 53, 65, 14, 99, 31, 47, 37, 41, 80, 22, 

91, 18, 3, 1, 47, 8, 98, 20, 77, 73, 56, 90, 17, 84, 62, 12, 88, 89, 33, 69, 88, 58, 

61, 83, 37, 25, 66, 87, 58, 89, 58, 44, 15, 47, 11, 36, 49, 31, 53, 37, 39, 100, 
62, 76, 1, 72, 82, 81, 94, 60, 60, 65, 5] 

(((0.7*ma. Model arima (data_saham, 187, 1, 4, 

3, 4))+((0.5*mes.holt_expsmooth (data_saham, 

187, 0.7, 0.6))+(0.1*ma.model_arima( 
data_saham, 187, 1, 6, 3, 2))))/1.3 

 

 

In this formula, the weights 0.7, 0.5, and 0.1 represent the contributions of each model, specifically 

ARIMA and exponential smoothing. The total weight is 1.3, obtained by summing the individual weights. 

The final forecast is generated through a weighted integration of predictions from individual models, 

followed by normalization using the total weight. This approach aligns with the ensemble concept, 

combining multiple predictive models combining multiple predictive models to enhance accuracy. 
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The ensemble method in this context utilizes a weighted average of multiple model predictions, a 

technique that has been employed since early research on ensemble models [33], [34]. Each output from the 

base models is assigned a weight based on its performance criteria, with the total weight of all models 

summing to one [35]. The performance evaluation of the resulting formula yielded results: R² score: 0.7838; 

RMSE: 171.7123; MAPE: 0.0281. 

 

3.3.  Results analysis and parameter tuning 

After identifying the best chromosome, parameter tuning was conducted using the grid search 

method to optimize model performance. Various parameter combinations were evaluated by varying 

population size (10, 50, 100), number of generations (10, 30, 50), crossover probability (0.2, 0.5, 0.8), 

mutation probability (0.2, 0.5, 0.8), and parent selection methods (roulette wheel, rank-based, and tournament 

selection) [36]−[38]. Experimental results demonstrated that each parameter combination significantly 

influenced model performance and computational efficiency. In the first trial, GE achieved an R² of 0.7634, 

RMSE of 179.6632, and MAPE of 0.0237, with a computation time of 4707 seconds. The second trial 

showed slight improvement with an R² of 0.7638, RMSE of 179.5129, and a lower MAPE of 0.0234, with a 

computation time of 2844 seconds. The third trial delivered the best performance with an R² of 0.7838, 

RMSE of 171.7123, and MAPE of 0.0281 in a computation time of 6129 seconds. 

The fourth trial, using a population size of 100 and 50 generations, required 26,845 seconds but 

showed no significant accuracy improvement (R² =0.7671, RMSE =178.2318, MAPE 2=0.025). This 

suggests that increasing population size and generations can raise computational costs without proportional 

performance gains. The best configuration used a population size of 50, 20 generations, a crossover 

probability of 0.9, a mutation probability of 0.5, and roulette wheel selection, achieving the highest R² with 

relatively low computation time. Figure 3 compares the predicted and actual stock prices, demonstrating the 

model’s performance. 

 

 

 
 

Figure 3. The best prediction model 

 

 

However, the roulette wheel method has limitations in small populations or when crossover and 

mutation probabilities are low. Under these conditions, high-fitness individuals tend to be repeatedly 

selected, resulting in identical chromosomes and reduced population diversity, which can lead to suboptimal 

solutions. Therefore, careful parameter selection and appropriate parent selection methods are required to 

maintain diversity. Alternative approaches such as tournament or rank-based selection, along with diversity-

preserving techniques, can help sustain exploration and prevent premature convergence. 

Overall, the results show that appropriate parameter tuning can substantially improve GE 

performance despite its high computational cost. The findings highlight the importance of balancing 

exploration and exploitation to achieve robust predictive accuracy and provide guidance for developing more 

efficient and adaptive methods. Figures 4 to 7 present alternative models generated using different parameter 

configurations, illustrating the impact of parameter variations on model performance. 
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Figure 4. Alternative models of various parameter configurations 
 

 

 
 

Figure 5. Alternative models of various parameter configurations 
 

 

 
 

Figure 6. Alternative models of various parameter configurations 
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Figure 7. Alternative models of various parameter configurations 

 

 

After evaluating the proposed GE model on the SMAR stock dataset, further experiments were 

conducted on several additional stock datasets used in previous studies to assess the model’s generalization 

ability and enable fair comparison. Table 5 compares the prediction performance of the proposed GE model 

with that of Li and Pan [13] on the S&P 500 Index dataset using R², RMSE, and MAPE. The proposed GE 

model was applied to stock price prediction on the Johannesburg Stock Exchange (JSE) and the New York 

Stock Exchange (NYSE), with performance evaluated using k-fold cross-validation to ensure reliable results. 

The evaluation metrics for both datasets are summarized in Table 6. Table 7 compares the proposed GE 

model with the results reported by Aggrawal and Dhawan [12] for the Adani Enterprises (ADANIENT) stock 

using R², RMSE, and MAPE. 

 

 

Table 5. Comparison of prediction results between GE and the study by Li and Pan [13] 
Study Model R² Score RMSE MAPE 

Li and Pan [13] LSTM Not reported 20.96 Not reported 
DP-LSTM Not reported 18.18 Not reported 

GRU Not reported 15.79 Not reported 

Averaging ensemble Not reported 15.21 Not reported 
Weighted avg. ensemble Not reported 15.15 Not reported 

Blending ensemble Not reported 13.65 Not reported 

This study GE 0.1842 (avg) 29.55 (avg) 1.36 (avg) 

 

 

Table 6. Performance of GE model on JSE and NYSE datasets using k-fold cross-validation 
Stock exchange  R² score RMSE MAPE 

JSE Min -0.0044 1070.8136 0.0567 

Max 0.4267 2171.5377 0.1263 
Avg 0.1540 1802.93 0.0957 

NYSE Min -0.0873 1.4681 0.0377 
Max 0.4494 2.0631 0.0546 

Avg 0.2604 1.6970 0.0444 

 

 

Table 7. Comparison of GE results with Aggrawal and Dhawan [12] for ADANIENT stock 
Study Model R² Score RMSE MAPE (%) 

This study GE  0.5947 230.87 5.62 

Aggrawal and Dhawan [12] LSTM  0.93 15.38 0.54 

GRU 0.95 13.59 0.51 
TFT 0.18 40.67 1.66 

TCN -4.06 58.52 2.37 

N-BEATS -122.3 652.39 42.42 
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4. CONCLUSION 

This study demonstrates that the GE method effectively generates accurate and reliable predictive 

models by integrating complex statistical techniques and technical indicators. The best performance was 

achieved using a GE configuration with a population size of 50, 20 generations, a crossover probability of 

0.9, and a mutation probability of 0.5, yielding an R² of 0.7838, RMSE of 171.7123, and MAPE of 0.0281 

indicating superior predictive accuracy compared to traditional methods. These findings highlight GE’s 

potential as an alternative approach in stock price prediction, offering adaptive and efficient formulas in 

response to market dynamics. Furthermore, additional experiments conducted on various stock datasets 

including those from the S&P 500 Index, JSE, NYSE, and ADANIENT further validate the versatility of the 

proposed GE model. Although the model performance varies across different markets, the results consistently 

demonstrate GE’s capability to adapt to diverse financial data characteristics while maintaining competitive 

predictive accuracy compared to advanced deep learning and ensemble-based approaches reported in 

previous studies. Future work should focus on automated parameter optimization using techniques like 

random search, Bayesian optimization, or genetic algorithms, and explore deeper tuning of parameters in 

ARIMA, prophet, and exponential smoothing models to enhance model responsiveness. Expanding GE 

testing across various industrial sectors or global markets is also crucial to validate its generalizability and 

robustness. Ultimately, this research underscores the promise of evolutionary computation in financial market 

analysis and paves the way for the development of more adaptive and reliable predictive algorithms. 
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