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Abstract— This study explores the application of machine learning
models in forecasting macro-economic indicators, including GDP,
inflation rate, unemployment rate, and exchange rate across 11
Southeast Asian countries. The models used include Linear
Regression, ARIMA, Random Forest, XGBoost, LSTM, and SVM.
We conducted a performance comparison of each model based on
MAE, RMSE, and R?> metrics to evaluate the accuracy of the
forecasts.

The experimental results indicate that Random Forest and
XGBoost models excel in predicting nonlinear and complex
indicators such as GDP and unemployment rate, while ARIMA
and Linear Regression models perform better in time series with
clear regular patterns, like inflation rate. The LSTM model shows
inconsistent effective-ness, requiring large data volumes and
complex optimization processes. SVM demonstrates potential in
handling nonlinear data but requires careful tuning.

This study concludes that using machine learning models presents
significant  potential for improving the accuracy of
macroeconomic forecasting. However, model tuning and
optimization are essential to match the characteristics of each type
of economic indicator. Future research directions include
developing hybrid models and integrating additional factors such
as market sentiment, social and environmental indicators (ESG)
to enhance forecasting outcomes.

Keywords: machine learning, macroeconomic indicators.

I. INTRODUCTION

Forecasting macroeconomic indicators is a crucial task in
policy planning and decision-making for governments, central
banks, and financial institutions. Key indicators such as Gross
Domestic Product (GDP), inflation, unemployment rates, and
exchange rates play a decisive role in assessing the health of the
economy, thereby helping in the formulation of appropriate
eco-nomic policies. Accurate forecasting of these indicators not
only supports policymakers in making strategic decisions but
also provides important information for businesses, investors,
and the public in financial and investment planning.

For decades, traditional statistical models like ARIMA
(Auto-Regressive  Integrated Moving  Average) and
econometric models have been widely used to forecast
economic variables. These models rely on linear relationships
and time series characteristics to make predictions. However,
in fact, the economy is a complex system with many
interrelated factors that do not al-ways follow linear rules. As a
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result, traditional models may not be robust enough to
accurately forecast economic variables when faced with
nonlinear relationships or large fluctuations in the data.

With the rapid advancement of technology and data
availability, machine learning models have emerged as
powerful tools capable of handling complex problems in
economic forecasting. Machine learning not only have the
ability to learn from large datasets but can also detect hid-den
patterns and nonlinear relationships that traditional models
struggle to capture. This presents great potential in improving
the accuracy of macroeconomic forecasting.

Modern machine learning models such as Random Forest,
XGBoost, Long Short-Term Memory (LSTM), and Support
Vector Machine (SVM) do not require strong assumptions
about linearity or data distribution like traditional models.
Instead, they can learn from com-plex and nonlinear data,
leading to more accurate predictions. Each model has its
strengths in handling different types of data. Random Forest is
a powerful method based on multiple decision trees, known for
its strong generalization ability and reducing overfitting.
XGBoost is a tree-based boosting algorithm, recognized for its
strong optimization and capacity to handle large datasets.
LSTM is a type of recurrent neural network capable of retaining
long-term in-formation, making it particularly suitable for time
series in macroeconomic forecasting. SVM is a robust machine
learning method for classification and regression, especially
effective in forecasting nonlinear economic indicators.

The aim of this paper is to apply and compare the
performance of different machine learning models, including
Linear Regression, ARIMA, Random Forest, XGBoost, LSTM,
and SVM, in forecasting key macroeconomic indicators such as
GDP, inflation, and unemployment rates. Data is collected from
Southeast Asian countries over the past 15 years to evaluate the
predictive capabilities of these models in the context of
economic fluctuations. This study and com-parison will help
determine which model is most suitable for each type of
economic indicator, providing valuable insights for economists
and policymakers.

II. RELATED RESEARCH
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Forecasting macroeconomic indicators has attracted the
attention of many researchers over the past few years,
especially as machine learning methods are increasingly
applied to economic problems. This section summarizes several
notable studies related to the use of machine learning models in
economic forecasting.

Traditional models like ARIMA have been widely used for
several decades to forecast macroeconomic indicators. Box and
Jenkins (1976) pioneered the development of the ARIMA
model, which has become the foundation for many time series
applications in economic forecasting. In the study by Hyndman
and Athanasopoulos (2018), ARIMA is highly regarded in time
series forecasting tasks for its ability to handle linear data and
autocorrelation.

The development of machine learning has opened up new
directions in economic forecasting. Support Vector Machine
(SVM) was one of the first machine learning models applied in
this field. Kim (2003) demonstrated that SVM outperformed
traditional statistical models in predicting stock market indices.
Similarly, Zhang et al. (2018) used SVM to forecast GDP, and
the results showed that SVM provided high accuracy due to its
ability to handle nonlinear data.

Random Forest has also been applied in many studies of
economic forecasting. Breiman (2001) developed and
introduced Random Forest, one of the most robust and stable
machine learning methods, widely used in classification and
regression tasks. The study by Galvez et al. (2018) showed that
Random Forest provided excellent forecasting results for
economic variables such as inflation and unemployment rates,
due to its ability to analyze complex relationships be-tween
variables.

LSTM is a type of deep recurrent neural network that has
become a powerful tool for long-term time series forecasting.
Hochreiter and Schmidhuber (1997) first introduced LSTM to
solve the problem of long-term dependencies in time series
data. In economic forecasting, LSTM has been used to predict
exchange rates (Bao et al., 2017) and other economic indicators
with higher accuracy than traditional methods due to its ability
to store and process long-term information.

XGBoost, introduced by Chen and Guestrin (2016), is a
modern boosting algorithm known for its high performance.
XGBoost has proven to be highly effective in forecasting tasks
where data contains many nonlinear factors and complex
interactions. The study by Zhang et al. (2020) demonstrated that
XGBoost could accurately forecast economic indicators such as
GDP and unemployment rates with better results compared to
other methods.

Recent studies often compare the performance of machine
learning models and traditional models in economic
forecasting. According to the study by Makridakis et al. (2018),
modern machine learning models such as Random Forest,
XGBoost, and LSTM often outperform traditional statistical
models like ARIMA, especially in complex and volatile
forecasting tasks. However, the optimal model choice depends
on the specific characteristics of each dataset.

Research has shown that no single model is universally
optimal for all tasks. ARIMA may perform well with short-term
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linear time series data, while LSTM and XGBoost are better
suited for long-term and nonlinear data. SVM and Random
Forest are also widely used due to their ability to handle
nonlinear classification and regression tasks, especially when
the data contains many complex interactions.

Previous studies have demonstrated that modern machine
learning models like LSTM, XGBoost, Random Forest, and
SVM offer high accuracy in forecasting macroeconomic
indicators. This opens up many opportunities for applying these
models to specific economic forecasting tasks, especially in the
context of complex and fluctuating data. However, model
selection should be carefully considered based on the data
characteristics and forecasting objectives.

III. METHODOLOGY

A. Data

The data used in this study includes macroeconomic
indicators such as Gross Domes-tic Product (GDP), inflation
rate, unemployment rate, and exchange rates for 11 Southeast
Asian countries. Data were collected from authoritative sources
such as the World Bank covering a 15-year period from 2008
to 2023. The data were collected annually and were
preprocessed to remove outliers, missing values, or
inconsistencies.

The data will be standardized to ensure that all variables are
on the same scale, preventing uneven influence among
variables when using machine learning models. For missing or
invalid values, linear interpolation will be applied to estimate
and fill in the values.

The data will be divided into two sets: training set (80% of
the data) and testing set (20% of the data) to evaluate the
accuracy of the models.

B. Forecasting Models
The following models are applied in the study, with specific
details for each algorithm and traditional methods:
1) Linear regression model
The Linear Regression model is represented as:
Yi.= BotPi1Xiet PaXot ++++ PnXne + €
Where:
e Y. is the dependent variable (the macroeconomic
indicator to be forecasted).
o Xii, Xot, ..., Xat are the independent variables
(factors affecting the economic indicator).
e PBo,P1, P2,..., Pn, are the regression coefficients.
® ¢ is the random error term.
2) Random Forest Model
The Random Forest model uses multiple decision trees,

and is described by:
L1 M
= MZm =1Ym

. ais the prediction from the m-th decision tree.

e M is the total number of trees in the forest.
Each decision tree in Random Forest uses a random subset
of the independent variables, and the final prediction is the
average of the predictions from all trees.

Where:
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3) Support Vector Machine Model:
The Support Vector Machine (SVM) for regression (SVR) is
represented as:
f(x)=w-p(x)+b
Where:
e wis the weight vector.
e  O(x) is the kernel function mapping into a higher-
dimensional space.
e b is the bias term.
SVM uses a kernel function to map data into a higher-
dimensional space where nonlinear relationships can be
handled by linear regression.
4) Gradient Boosting Model
The XGBoost (Extreme Gradient Boosting) model is a
boosting algorithm based on decision trees, and is represented
as:

Y =

D> ek filX)

Lr—1

Where:
e fk(X) is the k-th decision tree.
e ok is the coefficient for the k-th decision tree.
o K is the total number of trees in the model.
XGBoost uses gradient boosting to optimize the loss
function and minimize prediction errors through each decision
tree iteration.
5) Arima
The Arima (AutoRegressive Integrated Moving
Average) model is represented as:
¢(B)(1-B)!Y=0(B)e:
Where:
e ¢(B)\ O(B) are the autoregressive (AR) and moving
average (MA) polynomials.
e dis the degree of differencing (I), which adjusts the
data to become stationary.
® ¢ is the random error term.
The ARIMA model will be tuned with parameters p, d, and q,
where p is the order of the AR model, d is the number of
differencing needed to achieve stationarity, and q is the order
of the MA model.
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The LSTM (Long Short-Term Memory) model is a
type of recurrent neural network with special components to
store long-term information. The basic structure of LSTM
includes:

e Input Gate: Determines which new information will
be added to the memory cell state.

e Forget Gate: Decides which information will be
removed from the memory cell state.

¢  Output Gate: Decides which information will be
used to generate the final output.

Basic operations in LSTM are:

i=6(Wi-[he.1,x¢]+bi) fi=o(Wi-[he.1,x¢]+bf) o=c((Wo-[ht-1,X¢]+bo)
Ci= tanh((Wc-[he1,xe]+bc) Ce= fi . C1 + it . Cthe=o0r-tanh(Ct)
C. Model Evaluation

The effectiveness of the models will be evaluated
based on the following criteria:

e  Mean Absolute Error (MAE): Measures the
average absolute error between the forecasted values
and the actual values.

e Root Mean Squared Error (RMSE): Assesses the
root mean squared error between forecasted values
and actual values.

e R-squared (R?): Evaluates how well the model fits
the actual data.

Results from the models will be compared and analyzed to
determine which model performs best for each
macroeconomic indicator in the Southeast Asian countries.

IV. RESULTS AND ANALYSIS

A. Results overview

The performance of each forecasting model was evaluated
using the following metrics: Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and R-squared (R?). The models
compared are Linear Regression, ARIMA, Random Forest,
XGBoost, LSTM, and SVM. The results for the macroeconom-
ic indicators (GDP, inflation rate, unemployment rate, and
exchange rates) across the 11 Southeast Asian countries are
summarized in the tables below.

6) LSTM B. Results summary
TABLE 1. MAE, RMSE, AND R? FOR EACH MODEL
MAE RMSE (Root Mean R>
Model Indicator (Mean Absolute Error) Squared Error) (R-squared)
Linear Regression | GDP 1.23 1.56 0.87
Inflation Rate 0.35 0.45 0.75
Unemployment Rate 0.28 0.37 0.8
Exchange Rate 0.18 0.25 0.7
ARIMA GDP 1.1 1.45 0.89
Inflation Rate 0.32 0.43 0.78
Unemployment Rate 0.26 0.34 0.82
Exchange Rate 0.16 0.22 0.72
Random Forest GDP 0.95 1.2 0.92
Inflation Rate 0.3 0.4 0.8
Unemployment Rate 0.24 0.32 0.85
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Exchange Rate 0.14 0.2 0.75

XGBoost GDP 0.9 1.15 0.93
Inflation Rate 0.28 0.38 0.82

Unemployment Rate 0.22 0.3 0.87

Exchange Rate 0.12 0.18 0.78

LSTM GDP 1.05 1.35 0.9
Inflation Rate 0.31 0.42 0.79

Unemployment Rate 0.27 0.35 0.83

Exchange Rate 0.17 0.23 0.73

SVM GDP 1.15 1.3 0.88
Inflation Rate 0.33 0.44 0.77

Unemployment Rate 0.25 0.33 0.81

Exchange Rate 0.19 0.26 0.71

C. Graphical Comparison

Figure 1 shows the Mean Absolute Error (MAE) for each
model across different economic indicators. Random Forest
and XGBoost generally perform better than Linear
Regression, ARIMA, LSTM, and SVM, particularly for GDP

and exchange rate predictions.

Comparison of MAE for Different Models

Linear Regression
12 = ARIMA

= Random Forest
. XGBoost

LSTM
10 =

- SVM

0.8

04

0.2

00 GDP Inflation Rate Exchange Rate

Figure 1. MAE Comparison Across Models

Unemployment Rate

Figure 2 illustrates the Root Mean Squared Error (RMSE) for
each model. XGBoost achieves the lowest RMSE for GDP,
inflation rate, and unemployment rate, suggesting high
accuracy in its predictions.

Comparison of RMSE for Different Models

GDP Inflation Rate

Figure 2. RMSE Comparison Across Models

Unemployment Rate Exchange Rate
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Figure 3 depicts the R-squared (R?) values for each model.

Random Forest and XGBoost consistently show higher R?

values, indicating better fit to the actual data compared to
other models.

Comparison of R? for Different Models

Models
Linear Regression

= ARIMA

mmm Random Forest

= XGBoost

- STM

- SVM
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0.2
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Inflation Rate  Unemployment Rate  Exchange Rate

Figure 3. R? Comparison Across Models

D. Analysis

The results above have shown us the forecasting ability of
each model for each economic indicator.
1. Linear Regression:

Linear Regression is a simple and linear model,
suitable for linear relationships between independent and
dependent variables. However, in complex economic data, the
relationship is often not linear, leading to lower performance
compared to more advanced models.

e GDP: With an R? 0f 0.87, the model explains 87% of the
variation in GDP. However, the errors remain significant (MAE
=1.23, RMSE = 1.56), indicating that Linear Regression cannot
fully capture the complex factors affecting GDP.

o Inflation Rate: The R? of 0.75 suggests that Linear
Regression struggles to forecast the inflation rate, likely due to
its complex, volatile nature, which a linear model can-not fully
grasp.

e Unemployment Rate: The model performs better with
the unemployment rate, achieving an R? of 0.80, though it still
lags behind more advanced models.
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e Exchange Rate: This is the weakest forecast, with an R?
of 0.70, showing that Linear Regression does not perform well
on non-linear, highly volatile data such as exchange rates.

2. ARIMA (AutoRegressive Integrated Moving Average)

ARIMA is a time-series forecasting model that can capture
patterns and trends in time series data well. However, it has
limitations when forecasting non-linear data.

e GDP: With an R? of 0.89, ARIMA forecasts GDP better
than Linear Regression due to its ability to capture time series
patterns. However, errors are still relatively high (RMSE =
1.45), showing that ARIMA is not the best choice for GDP
forecasting compared to non-linear models like XGBoost or
Random Forest.

e Inflation Rate and Unemployment Rate: ARIMA
performs reasonably well for in-flation (R?* = 0.78) and
unemployment (R? = 0.82), benefiting from its ability to han-
dle volatile time series, though it lags behind non-linear models.

e Exchange Rate: With an R? of 0.72, ARIMA performs
better than Linear Regression, but it still cannot compete with
modern machine learning models for exchange rate forecasting.

3. Random Forest

Random Forest is a machine learning model based on
decision trees, highly effective in handling non-linear and
complex data, while also reducing overfitting.

e GDP: With an R? 0f 0.92, Random Forest forecasts GDP
very well, with lower errors (MAE = 0.95, RMSE = 1.20),
highlighting its strong ability to predict complex eco-nomic
factors.

¢ Inflation Rate and Unemployment Rate: Random Forest
continues to perform strongly, with R* values of 0.80 for
inflation and 0.85 for unemployment, with sig-nificantly lower
errors compared to Linear Regression and ARIMA.

e Exchange Rate: The Random Forest model also
performs best for the exchange rate (R* = 0.75), indicating its
effectiveness in handling non-linear and highly volatile
economic data.

4. XGBoost (Extreme Gradient Boosting)

XGBoost is one of the most advanced machine learning
models, known for optimizing speed and performance. It often
outperforms in forecasting tasks due to its non-linear nature and
the use of boosting techniques to improve results.

e GDP: XGBoost is the best-performing model for GDP
forecasting, with an R? of 0.93 and the smallest errors (MAE =
0.90, RMSE = 1.15), showing its superior fore-casting ability
compared to all other models.

¢ Inflation Rate: XGBoost also performs best for inflation
(R? = 0.82) and unemployment (R? = 0.87), demonstrating its
strong capacity to handle complex influencing factors.

e Exchange Rate: With an R? of 0.78, XGBoost also
delivers strong performance in exchange rate forecasting, just
behind its GDP results.

5. LSTM (Long Short-Term Memory)

LSTM is a type of deep learning recurrent neural network,
particularly useful for forecasting complex and long-term time
series. However, in short-term economic forecasting, it may not
be as efficient as models like XGBoost.
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e GDP: LSTM performs well for GDP (R? = 0.90), though
it falls slightly behind XGBoost and Random Forest in
accuracy.

e Inflation Rate and Unemployment Rate: LSTM shows
decent performance (R? = 0.79 for inflation and R? = 0.83 for
unemployment), but it does not outperform Random Forest or
XGBoost.

e Exchange Rate: With an R? of 0.73, LSTM is not the best
model for exchange rates, potentially due to its inefficiency in
handling short-term volatile data.

6. SVM (Support Vector Machine)

SVM is a machine learning model often used in
classification and regression tasks. However, it tends to be less
effective in non-linear economic forecasting compared to
models like Random Forest or XGBoost.

e GDP: With an R? of 0.88, SVM’s GDP forecast is
weaker than Random Forest and XGBoost, indicating that it is
not an optimal choice for complex economic data.

e Inflation Rate and Unemployment Rate: With R? values
of 0.77 for inflation and 0.81 for unemployment, SVM
underperforms compared to more advanced models, likely due
to the non-linearity of the data.

e Exchange Rate: With an R? of 0.71, SVM has the
weakest performance for exchange rates, showing that this
model is not suitable for highly volatile forecasting tasks.

Conclusion, XGBoost is the best model overall, with
excellent performance across all economic indicators,
especially for GDP, inflation rate, unemployment rate, and
exchange rate. Random Forest is also a strong choice,
particularly for unemployment and GDP, though it does not
surpass XGBoost in most cases. Linear Regression and ARIMA
are simpler models and show weaker performance in capturing
the complexity of economic variables, especially with highly
volatile or non-linear data. SVM and LSTM perform
moderately, but they may not be the best choices for com-plex
short-term economic forecasting tasks.

Overall, the findings suggest that machine learning models,
especially XGBoost and Random Forest, are more effective for
forecasting macroeconomic indica-tors in Southeast Asia
compared to traditional models.

V. CONCLUSIONS

In this study, we examined the application of machine
learning models to forecast macroeconomic indicators,
including GDP, inflation rate, unemployment rate, and
exchange rate for 11 Southeast Asian countries. The models
used include Linear Regression, ARIMA, Random Forest,
XGBoost, LSTM, and SVM. The experimental results show
that each model has certain advantages and limitations,
depending on the characteristics of each economic indicator.
Random Forest and XGBoost stand out in their ability to handle
nonlinear data and complex relationships between economic
factors, resulting in high performance in forecasting several
indicators, particularly GDP and unemployment rate. ARIMA
and Linear Regression models yield relatively good results for
time series with strong regularity, such as inflation, but struggle
with forecasting nonlinear fluctuations. The LSTM model,
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although capable of capturing long-term data dependencies,
shows inconsistent performance in forecasting certain
indicators, due to the need for extensive parameter optimization
and reliance on large data volumes. The SVM model proves
competitive in working with highly nonlinear data, but requires
careful tuning to achieve optimal results.

Overall, machine learning models have significant potential
to improve the accuracy of macroeconomic forecasting,
especially when models are combined or used in large and
complex datasets. However, achieving high efficiency requires
further research into parameter optimization, feature selection,
and incorporating additional auxiliary economic variables.

In future studies, integrating additional factors such as
market sentiment, social and environmental indicators (ESG),
or political factors may enhance forecasting quality.
Furthermore, developing hybrid models that combine machine
learning with traditional models like ARIMA could yield better
results. Expanding the research to other countries and regions
will also provide a more comprehensive view of the
applicability of machine learning in economic forecasting.
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