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Abstract 

Ho Chi Minh City has a trade-service sector structure accounting for over 60% and is also strongly affected by domestic 

and international macroeconomic factors. Accurate forecasting methods support policy planning and economic management in 

increasingly volatile global and national economies. The Artificial Neural Network (ANN) model has proven to be highly 

effective in forecasting macroeconomic indicators such as GDP, unemployment rate, inflation, and export revenue due to its 

ability to process complex data and detect nonlinear relationships. This study presents the analysis and forecasting of the time 

series data of the quarterly growth rate of trade services in Ho Chi Minh City from 2011 to 2024, using machine learning 

models including ANN and several econometric models such as SARIMA, Single moving average, Single Exponential Smooth, 

and Holt-Winter Additive. The results show that the artificial neural network (ANN) model has superior accuracy compared to 

other models. The study also provides recommendations for applying ANN in urban economic management, contributing to 

the sustainable growth of Ho Chi Minh City, and expanding the application of ANN in city-level economic forecasting. 
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1. Introduction 

 

In the context of the global and national economy facing many fluctuations, applying accurate forecasting 

methods to support policy decision-making and economic management is extremely important. One of the highly 

regarded methods for improving the accuracy of financial forecasts is the Artificial Neural Network (ANN) model 

(Alamsyah & Permana, 2018; Önder et al., 2013). The ANN method has proven to be exceptionally effective in 

forecasting macroeconomic indicators such as GDP, imports and exports, unemployment rates, inflation, and 

tourism revenue, thanks to its ability to process complex data and detect nonlinear relationships among factors 

affecting the economy (Ćetković et al., 2022). For example, a study on forecasting the share of tourism revenue in 

total export turnover in Turkey showed that the ANN model outperformed the traditional multiple linear regression 

model, with an R square value of 91.7% compared to 90.8% (Erdoğan et al., 2023). In GDP forecasting, ANNs 

have been used to predict future GDP values based on various macroeconomic indicators. For instance, a study on 

GDP forecasting in G7 countries showed that the ANN model using exchange rates, inflation, and GDP growth as 

inputs outperformed traditional models in forecasting accuracy (Fraz et al., 2020). Another study on GDP 

forecasting in the United States found that the ANN model using 10 macroeconomic variables (inflation, housing 

starts, interest rates, business confidence, government spending, net exports, employment levels, money supply, 

stock market performance, and oil prices) outperformed traditional models in forecasting accuracy (Lashgari, 

2023). ANNs have also been used to forecast unemployment rates. For example, a study on the impact of COVID-

19 control measures on unemployment rates showed that the ANN model using macroeconomic indicators such 

as GDP growth, inflation rates, export values as a percentage of GDP, and COVID-19 fiscal stimulus packages as 

a percentage of GDP outperformed traditional models in forecasting accuracy (Morris et al., 2022). Compared to 

traditional econometric models, ANNs do not require strict assumptions about the structural relationships among 

variables, making them more flexible in simulating real and complex economic situations (Herbrich et al., 1999). 

However, most current studies on applying ANN in economic forecasting focus on the national level, 

using annual time series data to forecast macroeconomic indicators for the entire country. To our knowledge, few 

studies currently delve into the application of ANN to forecast economic indicators in large and developing cities, 

especially those with unique economic characteristics like Ho Chi Minh City. Most current forecasts concentrate 

on analyzing and predicting for countries, with annual data series. At the same time, quarterly data – which is 

crucial for evaluating and adjusting economic policies at the city level – has not been fully exploited. Thus, one of 

the major limitations of current research is the lack of attention to the specific factors of each region and city in 

applying the ANN model. Economic indicators in cities such as Ho Chi Minh City have unique characteristics and 

can be strongly influenced by local factors that macroeconomic models at the national level cannot fully reflect. 

This creates a gap in research and an urgent need to apply advanced models like ANN to forecast economic 

indicators for cities, thereby helping local policymakers make more accurate and timely decisions. 

With its unique economic characteristics, Ho Chi Minh City strongly depends on macroeconomic factors, 

including inflation, monetary policy, and global economic fluctuations. For example, the development of the city's 

logistics, retail, and e-commerce sectors is directly influenced by the pace of international trade expansion and 

domestic consumption demand. In particular, the trade and services sector plays a crucial role as a driving force 

of the economy, accounting for more than 60% of the city's economic structure in 2023 (GSO, 2023). This reflects 

the pillar role of this sector in promoting production, consumption, and the overall development of the economy. 

According to research by the Ho Chi Minh City Development Research Institute, if the trade and services sector 

maintains an average growth rate of over 10% per year, it will contribute to achieving the national GDP growth 

target of 6-7% per year by 2030 (GSO, 2023).  

Due to the rapid fluctuations and dependence on macroeconomic factors, forecasting and developing 

economic growth scenarios in this sector is essential. This helps the city not only to timely direct policies but also 

to ensure the sustainability of the economy. Therefore, focusing on forecasting economic development trends, 

especially in the trade and services sector, is significant for the city and contributes to creating growth momentum 

for the entire country. 

Although Ho Chi Minh City's economic indicators show a rapid development trend and strong 

fluctuations by quarter, most studies have not considered forecasting these indicators. Using quarterly rather than 

annual data provides a more detailed and timely view of the city's economic situation. This is particularly important 

when the city needs to assess its ability to achieve the economic growth targets set for the year while also being 

able to adjust and implement appropriate policy responses. One of the significant gaps in current research is the 

lack of attention to forecasting the growth rate of the trade-service sector quarterly for Ho Chi Minh City, even 

though this is an essential factor that helps the city closely monitor economic development in each short-term 

phase. This leads to a lack of accuracy in policy decision-making for Ho Chi Minh City, especially in needing 

timely policy responses to short-term economic fluctuations. 

Therefore, this study aims to build and apply an ANN model to forecast the quarterly growth rate of the 

trade-service sector in Ho Chi Minh City. Having an accurate forecasting model helps minimize risks and optimize 

the use of the city's economic resources. In addition, the study also aims to provide recommendations on how to 
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apply the ANN model in economic management and administration in Ho Chi Minh City. Accurate forecasts of 

quarterly growth rates will help city leaders make timely and effective policy decisions. Measures to adjust budget 

spending, promote export activities, stimulate domestic consumption, or support important businesses and 

industries can be quickly implemented to maintain and boost economic growth. Furthermore, the research results 

will contribute to developing economic forecasting methods at the city level, expanding the application of the 

ANN model in economic forecasting studies at the city level.   

 

2. Literature review 

 

Many studies explore the potential of machine learning in the field of forecasting. Kennedy (2002) notes 

that artificial neural networks (ANN) often have the advantage of accuracy. That is, the difference between the 

ANN's forecasted and actual values is not large. It does not require any prior information about the distribution 

and probability of the data, can learn from past experiences, and can work with imperfect and nonlinear data. 

The study by Zang et al. (2022) presents a regional economic prediction model based on artificial neural 

networks (ANN) integrating Bayesian Vector Neural Networks (BVNN) and the backpropagation algorithm (BP). 

The study's main objective is to improve the training speed and accuracy of regional economic predictions by 

simplifying the structure of the neural network. Data is collected from various economic regions and processed 

using attribute decomposition methods, importance ranking, and prediction rules. The model is compared with 

existing methods such as FWA-SVR and LSTM on WEO, APDREO, and AFRREO datasets. The results show 

that the BVNN_BP model achieves a prediction accuracy of up to 98%, surpassing previous methods. The study 

emphasizes that neural network technology can effectively handle nonlinear issues, especially in big data. The 

BVNN_BP model also minimizes prediction errors by accelerating convergence speed and optimizing the 

efficiency of regional economic analysis. 

One approach is to use 1D CNN, which is effective in forecasting GDP growth (N'emeth et al., 2023). In 

fact, 1D CNN has been proposed as a "sweet spot" regarding architectural complexity, demonstrating consistently 

good forecasting performance in both testing phases (N'emeth et al., 2023). The study found that 1D CNN could 

produce accurate forecasts, with a relative RMSE of 0.624 and a relative MAE of 0.687, outperforming the 

benchmark model at a significance level of 5%. Another approach is to use weight-direct determination networks 

(WDD), which can handle regression tasks and provide advantages over traditional backpropagation algorithms 

(Mourtas et al., 2023). The WDD algorithm directly computes the ideal weight set, avoiding local minima and 

reducing computational complexity. A new multi-functional weight activation model for time series (MWASDT) 

has been introduced, which takes into account the unique features of the WDD-based model for binary 

classification and time series forecasting. 

Jackie D. Urrutia et al. (2019a) used the Automatic Integrated Moving Average (ARIMA) and Bayesian 

Artificial Neural Network (BANN) to forecast the imports and exports of the Philippines, with the comparison of 

the two models being one of the main objectives of this study. Data was collected from the Philippine Statistics 

Authority with a total of 100 observations from the first quarter of 1993 to the fourth quarter of 2017. Furthermore, 

this study aims to identify the most suitable model among the forecasting models for the imports and exports of 

the Philippines, and the researchers will provide forecast values for imports and exports from the first quarter of 

2018 to the fourth quarter of 2022 using the most appropriate model. The researchers conducted a statistical test 

to build and compare the statistical models of ARIMA and BANN for imports and exports, then applied forecasting 

accuracy measures such as MSE, NMSE, MAE, RMSE, and MAPE to compare the performance of the two models. 

By comparing the results, the researchers concluded that the Bayesian Artificial Neural Network is the most 

suitable model for forecasting the imports and exports of the Philippines. Using the paired T-test, the p-values for 

both imports and exports were greater than the significance level (α = 0.01), indicating that there is no significant 

difference between the actual values and the predicted values for both imports and exports of the Philippines. This 

study may benefit the Philippine economy by considering forecasts of imports and exports that can be used in 

analyzing the trade deficit of the economy. 

Cook and Hall (2017) used a neural network based on a single macroeconomic indicator - the monthly 

lag of the civilian unemployment rate to forecast the unemployment rate for 1, 3, 6, and 12 months ahead using 

years of unemployment data. Their model performed better than the SPF (Survey of Professional Forecasters) in 

the short term (1 and 3 months ahead), but did not outperform in the longer terms of 6 and 12 months. 

Stone (1977) pointed out the consistency of non-parametric KNN estimation. This model is widely used 

for classification tasks such as object recognition, and due to its ease of implementation and interpretability, it is 

also used in applications such as handling missing data (Bertsimas et al., 2021) and reducing training datasets 

(Wauters & Vanhoucke, 2017) to better identify similar objects. KNN can identify recurring patterns in time series, 

and for this reason, it has been applied to financial time series models as in Ban et al. (2013). Al-Qahtani and 

Crone (2013) used KNN to forecast electricity demand in the UK and found that KNN outperformed other standard 

forecasting models. Rodríguez-Vargas (2020) found that KNN also outperformed two competing machine learning 

models, random forests and extreme gradient boosting, in terms of accuracy in predicting inflation. Overall, KNN 
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has been regarded as one of the top ten algorithms in data mining (Wu et al., 2008). Furthermore, KNN is 

particularly suitable for cases with limited past observations, meaning very little historical information. As pointed 

out in Wauters and Vanhoucke (2017), artificial intelligence methods require a minimum number of observations 

to function normally, while for KNN, this limitation is not as strict, although a minimum number of observations 

is still required (Diebold & Nason, 1990). Therefore, we use the KNN model because it provides a simple 

methodology based on distance metrics to extract information from the past. 

A Bayesian Vector Neural Network (BVNN) integrated with a Backpropagation (BP) model has also 

been proposed to predict regional economics (Zhang et al., 2022). This model uses a database collected based on 

the economy of a specific region, extracted and classified using knowledge-based computational analysis of neural 

networks. The proposed model reduces errors by accelerating convergence speed and accuracy for each dataset. 

Additionally, the Lasso backpropagation neural network method has been used to conduct financial analysis and 

predictions for major global economies (Shi, 2024). This model analyzes and classifies the real Gross Domestic 

Product of the top 30 countries in the global ranking and uses multi-layer hidden variable analysis of neural 

networks to facilitate the analysis and prediction of national economic trends.  

Meanwhile, the study by Munka and Kyryliuk (2022) uses artificial neural networks (ANN) to predict 

economic indicators of Ukraine during the period of 2022-2023. The prediction model is built based on a 

backpropagation neural network with a sigmoid activation function. The accuracy of the model is evaluated 

through Mean Squared Error (MSE) and Mean Absolute Percentage Error (MAPE) metrics. The forecast results 

indicate that Ukraine's GDP may slightly decrease, and the role of the private sector in the country's fixed asset 

structure will increase, along with an increase in investment capital and export revenue. However, state investment 

and average wages are likely to decrease. The labor force is predicted to remain stable. The study suggests that 

using artificial neural networks in economic forecasting not only provides high accuracy but also offers a powerful 

tool for analysis and planning in the context of global economic fluctuations. 

Jackie D. Urrutia et al. (2019b) aimed to forecast the Gross Domestic Product (GDP) of the Philippines 

from the first quarter of 2018 to the fourth quarter of 2022. Furthermore, this study identifies the most suitable 

model between the Automatic Integrated Moving Average and the Bayesian Artificial Neural Network that can 

forecast the GDP of the Philippines. The researcher used data from the first quarter of 1990 to the fourth quarter 

of 2017 with a total of 112 observations. Statistical tests were conducted in the study to form and compare the 

statistical models of ARIMA and Bayesian ANN. The study concluded that ARIMA (1,1,1) and Bayesian ANN 

can forecast the GDP of the Philippines. The researcher used forecasting accuracy measures such as MSE, NMSE, 

MAE, RMSE, and MAPE to compare the performance of the two models. In this paper, the most suitable model 

obtained was the Bayesian ANN. The paired T-test concluded that there is no significant difference between the 

actual values and the predicted values. This study aids economics specifically in economic forecasting and 

analysis. 

The research by Huang et al. (2007) focuses on the role of artificial neural networks (ANN) in financial 

and economic forecasting, which is a significant challenge due to the nonlinear, complex, and volatile nature of 

the related data. Traditional forecasting methods, such as time series analysis, do not always achieve high 

effectiveness in complex cases. The research data consists of financial and economic data from various sources, 

including exchange rates, stock market indices, and economic growth indices. This data is often organized in 

univariate (single variable) or multivariate (multiple variables) formats. The research methods employed include 

various neural network architectures such as multilayer perceptron (MLP), recurrent neural networks (RNNs), and 

radial basis function networks (RBFNs). An integrated approach combining ANN with other technologies, such 

as nonlinear ensemble methods, is also proposed to improve forecasting performance. Results from ANN 

applications demonstrate superior effectiveness in predicting exchange rates, stock market index values, and 

economic growth. However, the performance of ANN depends on the network architecture, input variables, and 

training methods. Some studies have noted that ANN combined with other predictive techniques, such as linear 

statistics, can enhance predictive capabilities.  

The research by Ugulava (2019) emphasizes the role of ANN in forecasting regional economic indicators, 

particularly in nonlinear, dynamic, and unstable economic environments. In the context of the regional economy, 

ANN offers significant potential to improve the accuracy and effectiveness of economic forecasts. Using data from 

the Imereti region of Georgia, including regional gross domestic product (RGDP), foreign direct investment (DFI), 

fixed asset investment (FAI), labor force (EMP), business turnover (BT), and consumer price index (CPI). The 

data was collected during the period from 2006 to 2017 and was standardized for use in ANN models. The study 

utilized a three-layer perceptron neural network, with an 8-4-2 node structure in the hidden layer, programmed in 

R language. The results from ANN were compared with linear regression models to test accuracy and fit. The 

results showed that ANN had high accuracy (98.48%), outperforming linear regression. ANN demonstrated 

superior capability in predicting nonlinear and dynamic indicators, despite the "overfitting" issue in training. The 

study concludes that ANN is a useful and reliable tool for regional economic research, although further testing 

with larger datasets is needed. 
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3. Research Methodology 

3.1. Data Description  

 

The data on the growth rate of value-added services in Ho Chi Minh City is collected quarterly, semi-

annually, every nine months, and annually from 2011 to 2024. The data used to apply the model will be collected 

for up to nine months in 2024. The 12-month growth rate data for the value-added services sector in Ho Chi Minh 

City has been estimated by the General Statistics Office and is used for in-sample testing. 

 

 
Source: Ho Chi Minh City Statistics Office 

Fig. 1.  Growth rate of value-added in the service sector of Ho Chi Minh City1 

 
Table 1. Descriptive statistics of the GRDP growth rate data series of Ho Chi Minh City1 

 
N 

Statistic 
Range 

Statistic 
Minimum 

Statistic 
Maximum 

Statistic 
Sum 

Statistic 

Mean Std 

Deviation 

Statistic 

Variance 
Statistic Statistic 

Std. 
Error 

Service 
Growth (%) 

55 16,900 -5,500 11,400 401,880 7,307 0,461 3,419 11,694 

Valid N 

(listwise) 
55         

Source: From data processing results 

 

The relatively limited period of quarterly data from 2011 to 2024 does not significantly diminish the value 

of this study, particularly given the specific context and objectives of forecasting service-sector growth for Ho Chi 

Minh City. Firstly, this dataset represents the longest and most comprehensive series currently available for the 

city's service sector at the required frequency, making it the most practical and relevant choice. Secondly, the ANN 

model is particularly effective in capturing non-linear dynamics even with moderately sized datasets, thereby 

alleviating concerns about limited historical range. Additionally, the inclusion of the period covering significant 

economic disruptions, such as COVID-19, actually strengthens the model's adaptability to future shocks and 

economic variability. Lastly, through rigorous validation techniques such as cross-validation and sensitivity 

analysis, the research ensures robust predictions despite the relatively constrained time span of the available data. 

 

3.2. Testing the stationarity of the data   

 

According to Fig. 1, it can be seen that this time series data is non-stationary. Therefore, it is necessary 

to take the first difference of this data series to examine the stationarity of the first difference series. Taking the 

difference in the time series will help eliminate trends, seasonality, or cycles in the data, allowing the data to 

revolve around the mean value of the series. 

In addition, the ACF graph can be used to determine the stationarity of the data series. For stationary time 

series, the ACF will decrease to 0 relatively quickly, while for non-stationary time series, decreasing to 0 occurs 

slowly. Furthermore, for non-stationary series, the autocorrelation value r1 is often positive and significant.   

The Augmented Dickey-Fuller (ADF) test results for the first difference series of the variable of interest 

were conducted. The test results show that the p-value is less than 0.05. Thus, we can reject the null hypothesis 

H0. This implies that the time series is stationary. Simply put, we can say that the first difference series of the 
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growth rate of value-added in the service sector of Ho Chi Minh City has a structure that is time-independent and 

possesses a variance that does not change over time.   

 

 

 

Fig. 2. First difference in the growth rate of value-added in the trade-service sector2 

 

3.3. Applying the ANN model   

3.3.1 Data Structure Selection Plan 

The data is divided into two sets: 80% for training the model and 20% for testing the model's forecasting 

ability. This helps ensure the generalizability of the model when applied in practice. 

3.3.2. Neural network design 

The data on the growth rate of value-added in the service sector of Ho Chi Minh City is designed with 3 

inputs and 1 output at a minimal level to help the model generalize better on unseen data while also avoiding issues 

such as overfitting.  

Theoretically, the Universal Approximation Theorem supports the construction of an ANN architecture 

consisting of one input layer, a single hidden layer, and one output layer. According to Tambe et al. (1996), this 

theorem establishes that an artificial neural network containing only one hidden layer—with a sufficiently large 

number of neurons—can approximate virtually any nonlinear relationship between input and output structures with 

arbitrary precision. Therefore, adding additional hidden layers does not necessarily enhance the approximation 

capability significantly; instead, it could increase unnecessary complexity and heighten the risk of model 

overfitting. Guided by these theoretical insights from Tambe et al. (1996), this study intentionally adopts a single-

hidden-layer ANN structure to effectively capture the nonlinear characteristics inherent in economic growth data, 

while also maintaining simplicity and computational efficiency in practical forecasting scenarios. This design 

choice aligns closely with the study's objective of forecasting service-sector growth for Ho Chi Minh City, where 

nonlinear interactions among variables are clearly evident. In this hidden layer, the number of neurons is 

determined according to the formula of Fang and Ma (2009), specifically: 

 

𝑘 = log2 𝑛 

 

Where n is the number of neurons in the input layer, which is 3 here. Thus, it will take the value of 1.6. 

However, to ensure objectivity, we will allow the number of neurons in the hidden layer to fluctuate within the 

range [1,4] and choose the model with the highest forecasting accuracy.𝑘 

Finally, the ANN model has one output layer representing the growth of the value-added services in Ho 

Chi Minh City. The hidden layer uses an activation function to optimize the learning process of the model. 

Finally, the ANN model has one output layer representing the growth of the value-added services sector 

in Ho Chi Minh City. The hidden layer uses an activation function to optimize the learning process of the model. 
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Source: From data processing results 

Fig 3. Structure of the network for the data on the growth rate of value-added services in Ho Chi Minh City1 

 

3.3.3. Training the network 

 

Table 2: Training the network for the data on the growth rate of value-added services in Ho Chi Minh City2 

Predictor  

Predicted 

Hidden Layer 1 
Output Layer 

OUT_GRDPService 

H(1:1) H(1:2) H(1:3) H(1:4)  

Input Layer 

(Bias) -0,171 -0,640 -0,685 0,452  

X1 -1,067 -0,128 0,396 -0.360  

X2 -0,486 0,569 0,232 -0,479  

X3 -0,345 -0,821 -0,510 0,314  

Hidden Layer 1 

(Bias)     -0.791 

H(1:1)     -0,705 

H(1:2)     -1,273 

H(1:3)     -0,023 

H(1:4)     0,040 

Source: From data processing results 

3.3.4. Model validation 

 

The forecasted growth rate of value-added services for 12 months in 2024, according to the ANN model, 

is 7.45%. 
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Source: From data processing results 

Fig. 4. Forecast results and actual values of the data on the growth rate of value-added services in the trade sector2 

Table 3. Validation values for the forecast of the growth rate of value-added services in Ho Chi Minh City3 

Validation criteria MAPE RMSE 

Value 65,27 0,638 

Source: From data processing results 

On the other hand, based on the data on the growth rate of value-added services for 12 months in 2024 

published by the General Statistics Office, which reached 7.32%, the forecast result has a negligible error. 

Currently, the General Statistics Office estimates the economic growth of Ho Chi Minh City for 12 months in 2024 

to be 7.17; however, the General Statistics Office has not published the growth rate of value-added services in Ho 

Chi Minh City. Therefore, the research team uses the data published in July 2024 to ensure data consistency.   

3.3.5. Applying econometric models 

 

The forecasted growth rate of value-added services for 12 months in 2024 according to the Single 

Exponential Smooth model, SARIMA model, Single Moving Average model, and Holt-Winter’s Additive model 

is presented in the following table:   

 

Table 4. Forecast results for the growth rate of value-added services in Ho Chi Minh City for 12 months in 20244 

Model/Validation criteria 
MAPE (test 

dataset) 
RMSE 

Forecast results according to the 

model 

Single Exponential Smooth 65,89 1,18 7,46 

Single Moving Average 90,49 1,66 7,46 
SARIMA 89,59 1,51 7,08 

Holt-Winter’s Additive 93,66 2,04 7,51 

Source: From data processing results 

 

4. Comparing model results and selecting a model 

 

Although the forecast results of both models do not differ much, based on the testing criteria, the ANN 

model has a higher accuracy in forecasting.   

 

Table 5. Comparison of testing criteria and forecast results of the models5 

Model/Validation criteria MAPE (test dataset) RMSE Forecast results according to the model 

Single Exponential Smooth 65,89 1,18 7,46 

Single Moving Average 90,49 1,66 7,46 

SARIMA 89,59 1,51 7,08 

Holt-Winter’s Additive 93,66 2,04 7,51 

ANN 65,27 0,638 7,45 

7,45
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Source: From data processing results 

The forecast results are consistent with previous studies, indicating that the ANN model provides 

more accurate forecast values.   

 

5. Conclusion 

 

The study has modeled and built a neural network, applying some econometric models to forecast the 

growth rate of value-added in the trade-service sector of Ho Chi Minh City on a quarterly, semi-annual, nine-

month, and annual basis to test the reliability and accuracy of the forecast results. At the same time, the research 

results will also provide a basis for the city leadership to consider the possibility of achieving the growth targets 

set for the year, thereby making appropriate policy responses and proposing solutions to boost economic growth 

drivers to achieve the planned economic growth targets. 

Additionally, the research results also show that in the context of economic shocks such as economic 

crises, epidemics, political conflicts, etc., traditional forecasting models will not be effective due to the unusual 

behavioral changes of economic agents. Therefore, the ANN model will provide better forecasts in cases of 

economic shocks as it is developed not based on economic theories and can be adjusted according to real contexts. 

Moreover, a significant advantage of the ANN model is its ability to learn and adjust forecast results to align with 

reality without relying on subjective opinions. 

Finally, this study acknowledges that its geographic scope, specifically focusing on Ho Chi Minh City, 

might limit findings' direct applicability and scalability to other regions or cities with distinct economic structures. 

Although the ANN model developed demonstrates effectiveness in capturing the unique dynamics of the city's 

service-sector growth, caution is necessary when generalizing these results to broader contexts. Future research 

could address this limitation by extending similar methodologies to other regions or by incorporating comparative 

analyses across multiple cities, thereby enhancing the robustness and broader relevance of the forecasting 

approach. 
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