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	Use of Genetic Algorithms and Backpropagation Neural Networks for Population Prediction in Tegal City, which aims to create precise prediction models using advanced computational techniques. This research uses a quantitative approach that combines experimental methods, data analysis, and model validation to implement and test predictive models. By using genetic algorithms for parameter optimization and neural network backpropagation for training, the findings show that the model can accurately predict population numbers with minimal error and high determination coefficients. The implications of this study are significant for urban planning and public policy development due to the accuracy and effectiveness of the model in forecasting population growth based on historical data.
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1. INTRODUCTION
Technological developments have opened up new opportunities in understanding and solving various problems in human life, including in the population sector (L. Li, 2022). Tegal City, as one of the cities in Indonesia, faces unique challenges related to the dynamics of its population. An inverted population pyramid, in which the elderly population is more than the productive age, has significant socio-economic implications  (Salam, 2023). This problem not only impacts the welfare and social support system, but also on the sustainability of the city's economic and social development (Kanwal et al., 2020) (W. Li & Yi, 2020).

Why is this a problem? An inverted population pyramid can indicate a decrease in birth rates and an increase in life expectancy, leading to an increase in workload for the working-age population and a potential decline in economic growth (Gietel-Basten & Sobotka, 2021) (O’Sullivan et al., 2023). This situation demands careful planning and public policy to mitigate the long-term impacts that may occur (Folbre, 2021).

This research was conducted to overcome these problems by utilizing information technology, especially through the application of genetic algorithms and neural network backpropagation (Chen et al., 2019). The aim is to predict the population of Tegal City, which will help in resource planning and more effective policy development (Collins, 2021).

To address this problem, this study will use a neural network genetics and backpropagation algorithm that has proven its resilience in handling complex optimization and predictive modeling tasks (Garud et al., 2021). Genetic algorithms are highly effective in optimizing parameters in models, making them ideal for configuring neural networks that require the refinement of various parameters for accurate predictions (Chung & Shin, 2020). On the other hand, backpropagation neural networks are well-known for their ability to learn and model non-linear and complex relationships, making them suitable for predicting dynamic population changes (Bukhari et al., 2021).

Recent advancements in demographic forecasting emphasize the integration of artificial intelligence techniques to address the complexities inherent in predicting population dynamics. Neural networks, known for their ability to model non-linear relationships within large datasets, have been widely used. Artificial neural networks can outperform traditional time-series models in North American urban populations by accommodating complex variables such as migration patterns and age-specific mortality rates (Wilson et al., 2022). Other research introduces genetic algorithms to optimize neural network parameters in financial forecasting, providing customizable methodologies for demographic analysis to improve the accuracy and adaptability of models (Thakkar & Chaudhari, 2021). The hybrid method achieved a significant increase in estimation accuracy in energy demand using a combination of genetic algorithms and neural networks, demonstrating potential applicability for population studies (Zhou et al., 2020). Subsequent research applying a mixture of convolutional neural networks and long-term short-term memory networks to predict population growth in Asian cities, shows how the technique can be adapted for smaller urban areas such as Tegal (Jain et al., 2023). Recently another researcher developed an ensemble model that integrates various machine learning techniques to predict population changes in European cities, underlining the effectiveness of using ensemble approaches to improve resilience and accuracy in demographic predictions (Kutty et al., 2022). These studies collectively highlight a significant shift toward advanced computational techniques in demographic forecasting. This body provides a strong theoretical and practical foundation for using hybrid models, genetic algorithms, and backpropagation neural networks in the prediction of Tegal populations. This study will expand this methodology by adapting and refining it to meet the specific forecasting needs and data characteristics related to Tegal urban planning.
The related literature shows that genetic algorithms and backpropagation neural networks have been successfully applied in various prediction fields. However, research that combines these two methods to predict urban populations is still limited. Therefore, this study seeks to fill the gap by developing a predictive model that combines the strengths of the two techniques to improve accuracy and efficiency in predicting the dynamics of the population of Tegal city.
2. RESEARCH METHOD
Research Design

This research uses a quantitative approach with a combination design of experimental methods, quantitative analysis, and model validation (Barco et al., 2022). It involves developing predictive models, testing model performance using historical data, and validating the accuracy of model predictions against actual data.
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Figure 1. Research flow

In Figure 1. the research initiates with a thorough literature review and problem statement formulation, followed by population data collection from official sources in Tegal city, subsequently subjected to data preprocessing. This is succeeded by variable selection and model optimization employing genetic algorithms and backpropagation neural networks. The algorithm implementation phase yields a predictive model evaluated through metrics such as MSE, RMSE, and MAE, validated against actual data. Evaluation results are analyzed and discussed in the analysis and discussion phase, comparing standard model performance with the optimized model. The study concludes with a summary and recommendations, highlighting the hybrid model's effectiveness and providing guidance for further research and practical application. This systematic approach ensures structured research contributing to reliable knowledge.

The application of these methods involves several specific steps. Firstly, data collection and pre-processing involve gathering comprehensive population data from reliable sources, followed by cleansing, normalization, and transformation to ensure the data's suitability for analysis. Next, crucial variables influencing population dynamics are identified and selected based on thorough statistical analysis and correlation studies. The model configuration step requires setting up the genetic algorithm with specific parameters such as population size, mutation rate, and selection method, along with configuring the neural network architecture, including the number of hidden layers, neurons per layer, and activation functions. Parameter optimization is then conducted using the genetic algorithm to fine-tune the neural network parameters, ensuring the most effective model configuration for prediction tasks. The neural network is subsequently trained using the backpropagation method on historical population data, employing the optimized parameters to enhance learning. Finally, the model is validated using new, unseen data to test its predictive accuracy and robustness against real-world data, a critical step to confirm the model's effectiveness in practical applications.

Data Collection

The data used comes from the official government website of the Tegal City Population and Civil Registration Office which can be accessed by the public. Data in the form of a table of Tegal City's population from 2010 to 2020 shows a gradual increase in the number of male and female residents throughout the decade. In 2010, the recorded population was 240,020 people, which continues to grow every year, reaching 250,668 people in 2020.
Table 1. Population of Tegal city

	Year
	Man
	Woman
	Total

	2010
	118873
	121147
	240020

	2011
	119574
	121828
	241402

	2012
	120131
	122474
	242605

	2013
	120773
	123087
	243860

	2014
	121328
	123670
	244998

	2015
	121860
	124224
	246084

	2016
	122309
	124750
	247059

	2017
	122877
	125250
	248127

	2018
	123318
	125775
	249093

	2019
	123680
	126176
	249856

	2020
	124066
	126602
	250668


Data Pre-processing

The collected data will undergo pre-processing to ensure high data quality and format consistency (Maharana et al., 2022). This process includes data cleansing, normalization, and data transformation. The goal is to prepare data for analysis and modeling by eliminating outliers, filling in missing values, and converting the data to a format suitable for analysis (Faybishenko et al., 2022).

Table 2. Data normalization

	Year
	Man
	Woman
	Total

	0
	0
	0
	0

	0.1
	0.134989
	0.12484
	0.12979

	0.2
	0.242249
	0.243263
	0.242769

	0.3
	0.365877
	0.355637
	0.360631

	0.4
	0.472752
	0.462511
	0.467506

	0.5
	0.575197
	0.56407
	0.569497

	0.6
	0.66166
	0.660495
	0.661063

	0.7
	0.771038
	0.752154
	0.761364

	0.8
	0.85596
	0.848396
	0.852085

	0.9
	0.925669
	0.921907
	0.923742

	1
	1
	1
	1


Variable Selection and Model Optimization

The selection of variables is carried out by analyzing the correlation between various variables of the year, men, women, and the total population each year. Variables that have significant correlation will be used as input for the predictive model. Model optimization is performed using genetic algorithms to determine the most effective combination of parameters for neural network models.

Algorithm Implementation

The combination of genetic algorithms and backpropagation neural networks is utilized to enhance the predictive modeling of population dynamics effectively. Initially, the genetic algorithm optimizes the set of parameters for the neural network, such as the number of layers, neurons per layer, and activation functions. This is achieved through iterative adjustments based on fitness criteria, which typically involve the accuracy of predictions on a validation dataset. Following the optimization, the neural network is configured accordingly and trained using the backpropagation technique. This method adjusts the weights within the neural network by minimizing the error between the predicted outputs and the actual values, employing gradient descent methods over multiple iterations. This systematic tuning allows the neural network to adapt and learn from the complex patterns in population data, thereby improving its predictive accuracy.


Figure 2. Flowchart backpropagation basic
Algorithm Configuration

The configuration of the genetic algorithm includes the determination of population size, mutation rate, and selection method (Langazane & Saha, 2022). For neural network backpropagation, configuration includes the number of hidden layers, the number of neurons per layer, activation function, and learning rate (Montesinos López et al., 2022). This configuration will be tested and adjusted during the experimental phase to achieve optimal model performance.

Model Evaluation
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Figure 3. Flowchart model used
To ensure the model's effectiveness in practical applications, it is essential to validate it using new, unseen data. This step tests the model's predictive accuracy and robustness against real-world data, providing a critical evaluation of its performance. The evaluation involves comparing the accuracy of the model's predictions against both test and validation datasets. Furthermore, a comprehensive model validation process will include comparing the model's predictions against actual population data for a specific time period following the training data period (Raghunath et al., 2020).

	[image: image4.png]



	(1)


Mean Squared Error (MSE) measures the mean squared of the difference between actual and predicted values, where n is the amount of data, [image: image6.png]


is the actual value, and [image: image8.png]


is the predicted value (Ye et al., 2020).
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Root Mean Squared Error (RMSE) is the square root of MSE, which assigns a value in units equal to the original data (Kovacs et al., 2022).
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Mean Absolute Error (MAE) calculates the average absolute error between actual and predicted values (Qi et al., 2020).
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The Pearson Correlation Coefficient (Pearson R) measures the strength and direction of the linear relationship between the two, where [image: image13.png]
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 are the values of the two variables being compared (G. Li et al., 2022).
3. RESULTS AND DISCUSSIONS
The normalized data shown in Table 2 summarize the transformation of raw population data into a uniform scale from 0 to 1, facilitating the modeling process. Normalization helps in reducing potential bias caused by different data scales and ensures that each parameter has equal weight in the analysis. From this table, it can be seen that the normalization scale is applied consistently, with values in the first year (2010) set to 0 and values in the last year (2020) to 1. This uniform distribution of data is critical for parameter optimization in genetic algorithms and neural network training.

The application of the model resulted in an optimized set of neural network parameters that effectively predicted the population from 2010 to 2020. As shown in Table 3, the model is close to actual population figures, with margins of error that have consistently decreased over the years. The Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) values from Figure 4 further validate the high accuracy level of the model, with very low MSE and RMSE values, indicating minimal deviation from actual data points.

Performance comparisons between standard backpropagation models and optimized backpropagation models with genetic algorithms show significant differences. The standard backpropagation model shows a Test Loss of 0.2809, an RMSE of 0.5300, an MAE of 0.5265, and a Pearson Correlation Coefficient (R) of -0.9953, indicating a high predictive error rate and a strong negative correlation with actual data. In contrast, the model optimized with genetic algorithms resulted in a Test Loss of 0.000168, an RMSE of 0.0130, an MAE of 0.0093, and a Pearson Correlation Coefficient (R) of 0.9866, reflecting a very low prediction error and a high positive correlation with actual data. This shows that optimization with genetic algorithms significantly improves the performance of neural network models in predicting population numbers, both in reducing prediction errors and improving the accuracy of correlation with actual data.

Additionally, Figure 5. graphically illustrates the proximity of the predicted population values to the actual data, underscoring the model's robustness. This figure not only highlights the effectiveness of the model in capturing the overall trend but also its capacity to adapt to annual demographic shifts.
Table 3. Comparison of actual and predicted population with error

	Year
	Actual Population
	Predicted Population
	Error

	2010
	240020
	239957.11
	62.89

	2011
	241402
	241336.24
	65.76

	2012
	242605
	242544.77
	60.23

	2013
	243860
	243796.35
	63.65

	2014
	244998
	244935.34
	62.66

	2015
	246084
	246021.94
	62.06

	2016
	247059
	247001.78
	57.22

	2017
	248127
	248063.61
	63.39

	2018
	249093
	249034.99
	58.01

	2019
	249856
	249800.18
	55.82

	2020
	250668
	250614.39
	53.61
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Figure 4. Matrix evaluation comparison
Figure 4. presents a comparison of model evaluations using the Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) metrics showing very low prediction errors, with MSE values of 0.00445, RMSE 0.2108, and MAE 0.03. The consistency of this low error value indicates high accuracy of the prediction model and effective model validation. A very high Pearson correlation coefficient of 0.9988 confirms the predictive model's conformity to actual data, indicating that it can accurately describe and predict population trends with high confidence.
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Figure 5. Comparison of actual and predicted population
Figure 5. provides a direct visualization of the predictive model's ability to capture the population dynamics of Tegal City from 2010 to 2020. This graph shows prediction lines very close to the actual population line, with minimal deviations recorded in Table 3. This visualization confirms not only the numerical accuracy of the model, but also its effectiveness in representing population trends over time, providing a powerful tool for public planning and policy.

The results from this study confirm that a hybrid model integrating genetic algorithms for parameter optimization with backpropagation neural networks can accurately forecast population dynamics. The decreasing error rates and a high Pearson correlation coefficient of 0.9988 demonstrate the model's effectiveness in learning and predicting complex patterns.

The accuracy of the model is attributed to crucial factors including data normalization, as shown in Table 2, which mitigated the influence of outliers and scaling issues, and the strategic configuration of the GA. This configuration enhanced the model’s performance by ensuring that the BPNN neither overfitted nor underfitted the training data. Regular evaluations using MSE, RMSE, and MAE allowed for ongoing adjustments, optimizing learning and predictive outcomes.

This research marks a significant advancement in the field of population dynamics prediction by integrating genetic algorithms with backpropagation neural networks, achieving marked improvements in prediction accuracy and model robustness over previous studies that utilized these methods in isolation. Specifically, the hybrid model effectively addresses critical gaps such as the lack of precision and adaptability to dynamic population changes, challenges that earlier studies struggled with due to issues like overfitting and underfitting. By optimizing neural network parameters through genetic algorithms, this study not only boosts accuracy but also enhances the model's generalizability to new data, as demonstrated by significantly lower error rates and higher Pearson correlation coefficients than those reported in prior research. Furthermore, the model's consistent alignment with actual population data over a decade underscores its practical utility, providing a robust framework for future research and serving as a valuable tool for policymakers and urban planners managing demographic trends.
4. CONCLUSION
This study underscores the efficacy of integrating genetic algorithms with neural network backpropagation, significantly enhancing the accuracy of population forecasting in Tegal City. By demonstrating a high degree of accuracy and strong determination coefficients, the model effectively minimizes error rates and optimizes parameters to improve predictions of population dynamics. These advancements equip policymakers with a robust tool for strategic decision-making, invaluable for planning educational, healthcare, and infrastructure developments. Additionally, the model informs policies on public transportation and economic initiatives, aligning services with the evolving needs of the population, thereby supporting socio-economic development goals and marking a significant theoretical and practical contribution to demographic studies.
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