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Abstract. Gross Domestic Product (GDP) is an indicator used to mea-
sure the total market value of all final goods and services produced within
a national territory during a given period. This is an essential indicator
for formulating macroeconomic policies. This study presents a classical
machine learning algorithm to forecast GDP in countries from 2013 to
2018 (with Economic Freedom Index’s Predicting GPD dataset). We use
the Feature importance technique and incorporate other methods such as
PCA and KBest; simultaneously, we tune the hyperparameters for the
model to have more optimal results. We compare the predictive accu-
racy of Random Forest (RF) with other classical models such as Support
Vector Machines (SVM). We find that RF KBest outperforms RF and
SVM. The forecast accuracy is measured by R2 has reached 0.904 in pre-
dicting GDP in 186 countries. This study encourages increasing the use
of machine learning models in macroeconomic forecasting. Besides, we
present GDP growth rates (as a percentage) by region. We also analyze
and find some critical factors that can significantly affect GDP, such as
Freedom from Corruption, Property rights, and the unemployment rate.
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1 Introduction

Gross Domestic Product (GDP) is an indicator used to measure the total market
value of all final goods and services produced within a national territory during
a given period. Therefore, GDP is an economic indicator of the most interest.
This index is given to assess the overall growth rate of the economy and the
level of development of a region or a country. For economic development, GDP
is a critical macroeconomic indicator that reflects the size and potential of the
economy and serves as the basis for calculating many socio-economic indicators.
GDP is influenced by many different factors within the territory of that coun-
try. However, three factors affect the GDP index: population, Foreign Direct
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Investment (FDI), and inflation. Therefore, forecasting GDP has a significant
contribution to developing the national economy.

It can be seen that GDP is one of the essential indicators in assessing a coun-
try’s economy. This widely used term in macroeconomics helps readers under-
stand and quickly analyze economic changes.

In recent years, machine learning has been used in many fields, such as recog-
nition, classification, prediction, etc. Applying machine learning techniques to
the economic field plays a huge role in predicting the growth or decline of a coun-
try. In this way, countries can develop countermeasures to help their economies
grow better. Therefore, many studies have been published and contributed sig-
nificantly to data analysis and warning [1–6].

This study presents the Random Forest (RF) algorithm to forecast countries’
GDP. Our contributions include:

– We process and clean the data, then use the Feature importance technique
to determine which factors most influence GDP.

– Next, we combine other methods such as PCA and KBest; simultaneously, we
tune the hyperparameters for the model to have more optimal results. The
highest result is 0.904 with RF KBest.

The rest of the manuscript is organized as follows. We present related work in
Sect. 2. Section 3 exhibits the proposed approach for GDP prediction. Results on
GDP prediction of different countries will be revealed in Sect. 4, and we conclude
some important points of the work in Sect. 5.

2 Related Work

Economic growth is the increase in output an economy produces over time. Since
GDP is a composite economic indicator of the economy’s overall health, it is used
by most countries around the world to gauge economic growth. On that basis,
researchers can make development orientations and policies in the next period1.

The authors in [7] studied the real-time predictive performance of machine
learning algorithms estimated on New Zealand data. This study uses a large set of
real-time quarterly macroeconomic indicators; they train many popular machine
learning algorithms and forecast real GDP growth for each quarter between 2009
and 2018, including GDP data and features, including about 550 domestic and
international variables. The results also suggest some benefits to combining the
individual ML forecasts. Therefore, the authors recommend using the ML algo-
rithm to supplement the GDP forecasting model. In another study [8], Jaehyun
Yoon proposed a method for creating machine learning models, specifically a
gradient boosting model and an RF model, to forecast real GDP growth. This
study focuses on the real GDP growth of Japan and produces forecasts for the
years 2001 to 2018. The forecasts by the International Monetary Fund and the
Bank of Japan are benchmarks. This paper shows that for the 2001–2018 period,

1 https://www.imf.org/external/pubs/ft/fandd/basics/gdp.html.

https://www.imf.org/external/pubs/ft/fandd/basics/gdp.html
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the forecasts by the gradient boosting model and RF model are more accurate
than the benchmark forecasts; Between the gradient boosting and RF models,
the gradient boosting model turns out to be more accurate. In another paper
[9], authors presented an approach to Forecast Economic Recessions. They used
Italian data on GDP and a few related variables as a case study. In particular,
they evaluated the goodness of fit of the forecasting proposed model in a case
study of the Italian GDP. First, the algorithm was trained on Italian macroeco-
nomic variables from 1995 to 2019. Then, they compared the results using the
same dataset through Classic Linear Regression Model. As a result, both statis-
tical and ML approaches can predict economic downturns, but higher accuracy
was obtained using Nonlinear Autoregressive with exogenous variables (NARX)
model.

The authors in [10] deployed micro to macro literature by decomposing earn-
ings into the Research and Development and pre-Research and Development
components. Then, they attempted Aggregate accounting Research and Devel-
opment to forecast real GDP through the personal consumption, business invest-
ment, and net export channels of GDP. Another work in [11] evaluated and
analyzed the effectiveness of Tencent user density (TUD) data, a typical type
of LBSM data in China, in estimating GDP. In addition, the authors in [12]
leveraged Matlab2014b software and Excel software to predict GDP on the data
from 1980 to 2020. Finally, an analysis was done in [13] with a data-driven GDP-
based forecasting model that combined multidimensional data from the aspects
of electricity consumption, climate, and human activities and observed that such
factors could be related to economic development.

Another study in [14] introduced a new multimodal two-stage approach for
regional GDP prediction, which learned the evolution of the GDP with only his-
torical information and tweets. They stated that the method could provide earlier
forecasts about the regional GDP. The authors in [15] gave some conclusions in
their experiments that The proposed three-stage feature selection method effec-
tively improves the prediction accuracy of TCN by more than 10%. In contrast,
the proposed prediction for GDP has reached better forecasting performance
than the 14 benchmark models. They also showed that the MAPE values of
the models are lower than 5% in all cases. The work in [16] analyzed the rela-
tionship between epidemiologic and CHE/GDP data to process ordinary least
square multivariate modeling and classify countries into different groups using
PC analysis, K-means, and hierarchical clustering. The authors in [17] analyzed
the effect of energy and non-energy material productivity on the gross domestic
product data covering OECD members from 1990–2020. The work [18] has tried
machine learning to predict GDP. An interesting study in [19] predicted GDP
extracted from the customized dataset for Gujarat State using ARIMA and RF
algorithms.
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3 Method

We use the Economic Freedom Index’s Predicting GPD dataset2. This dataset
contains key statistical indicators of the 186 countries collected from 2013 to
2018. We aim to use machine learning to predict each country’s GDP growth.
The proposed method is shown in Fig. 1.

Fig. 1. The proposed flowchart for GDP prediction.

We analyzed the data and found unlabelled characteristics in this dataset,
some of which are not as obvious as taxes, government spending, and even sig-
nificant debt. Therefore, we remove extra columns, some NaN values, and miss-
ing/empty entries. We use the Feature importance technique to select the most
critical attributes in a data set to determine the factors that most affect GDP
using the RF algorithm for Feature importances implemented in scikit-learning.
After fitting, the model provides a feature importances attribute that can be
accessed to retrieve the relative importance score for each input feature. Figure 2
exhibits the ranking of the importance of the features, while Fig. 3 represents
the matrix corresponding to the features. We split the dataset into two parts.
The train set is data from 2013 to 2017, and the test set is the 2018 statistical
data.

Figures 4, 5, 6, 7, 8 show the GDP growth rates of the regions from 2013 to
2018 (in percent). The growth rates of America and Asia decreased from 2013 to
2018. Europe, the Middle East/North Africa, and Sub-Saharan Africa’s growth
rates are not stable.

4 Experiments

4.1 Environmental Settings

To evaluate the proposed GDP prediction method, we implement the GDP pre-
diction program, as shown in Fig. 1. We use a computer equipped with a CPU
2 https://www.kaggle.com/datasets/isacscjr/heritage-freedom-index.

https://www.kaggle.com/datasets/isacscjr/heritage-freedom-index
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Fig. 2. Feature’s importance is affecting the GDP prediction.

Intel core i5 installed an operating system of Windows 10 64 bit, with 1TB HDD
memory, and Visual Studio Code software to implement the steps of experiments.

4.2 Performance Evaluation

Evaluating the performance of a model is essential for understanding its accuracy
and reliability. In addition, model evaluation techniques can be used to compare
the performance of models and decide the best fit for the data. Some metrics for
the comparison are presented as follows.

– Mean Absolute Error (MAE): measures errors between paired observations
expressing the same phenomenon. The MAE (Eq. 1) measures the quality of
an estimator—it is always non-negative, and values closer to zero are good
results. Therefore lower the MAE better the model is for the data.

MAE =
∑ |fi − yi|

n
(1)

– Root Mean Squared Error (RMSE): is the error rate by the square root of
MSE (Eq. 2).

RMSE =
√
MSE =

√∑n
i (fi − yi)2

n
(2)

– R2 score (R square), also called the coefficient of determination, represents the
coefficient of how well the values fit compared to the original values (Eq. 3).
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Fig. 3. Features Correlation.

The best possible score is 1.000, which can be negative (because the model
can be arbitrarily worse)3. The higher the value is, the better the model is.

R2 = 1 − ESS

EST
(3)

4.3 GDP Prediction with Various Algorithms

In this study, we compare the results of two algorithms, RF and Support Vector
Machines (SVM). The results of the default model are detailed in Table 1. PCA
reduces the number of data dimensions by feature extraction to find a new
set of attributes from the original set of attributes to improve computational
performance and classification accuracy. Meanwhile, KBest uses to extract the
best features of a given dataset. The SelectKBest method selects the features
according to the highest K scores (in this study, we chose K = 10 ). Table 1 shows
that the RF (R2 = 0.852) and KBest RF (R2 = 0.857) models are more efficient
than RF PCA (R2 = 0.574).
3 https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2 score.html.

https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2_score.html
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Fig. 4. GDP Growth Rate of Americas.

Fig. 5. GDP Growth Rate of Asia.

We found that the results in Table 1 could be improved by tuning the hyper-
parameters of RF, RF KBest, and SVM algorithms. Therefore, we use Grid-
SearchCV to adjust hyperparameters for the best results automatically. The
results show a marked improvement when tuning the hyperparameters after
applying GridSearchCV (details in Table 2). Specifically, with RF and RF mod-
els KBest, we tune the hyperparameter n estimators=500 ; with SVM model we
use “C”: 10000, “gamma”: 0.0001, “kernel”: “RBF”.
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Fig. 6. GDP Growth Rate of Europe.

Fig. 7. GDP Growth Rate of the Middle East/North Africa.

Figures 9, 10, 11 show significantly more optimized MAE and RMSE mea-
surements; for example, with RF model KBest, MAE has decreased from
4,982.228 to 4,179.571, RMSE has decreased from 8,283.913 to 6,810.593, and
R2 has increased significantly (from 0.857 to 0.904).
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Fig. 8. GDP Growth Rate of Sub-Saharan Africa.

Table 1. Performance details with default hyperparameters.

MAE RMSE R2

RF 4,768.343 8,440.008 0.852

RF PCA 7,251.673 14,324.485 0.574

RF KBest 4,982.228 8,283.913 0.857

SVM 15,182.732 23,562.186 −0.153

Table 2. Performance details after tuning hyperparameters.

MAE RMSE R2

RF 4,234.733 7,345.291 0.888

RF KBest 4,179.571 6,810.593 0.904

SVM 11,164.659 19,504.658 0.210
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Fig. 9. Experimental results with default hyperparameters.

Fig. 10. GDP prediction performance after tuning hyperparameters.

Fig. 11. comparison R2 Score of GDP prediction before and after tuning hyperparam-
eters.
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5 Conclusion

In this study, we have presented the RF model to predict countries’ GDP. We use
the Economic Freedom Index’s Predicting GPD dataset. This dataset contains
key statistical indicators of the 186 countries collected from 2013 to 2018. We
used the Feature importance technique and incorporated other methods such as
PCA and KBest; simultaneously, we tuned the hyperparameters for the model
to have more optimal results. Besides, we have analyzed and evaluated models’
performance, including RF, RF PCA, RF KBest, and SVM. We evaluated the
models based on three scores, MAE, RMSE, and R2. After tuning hyperparam-
eters, the experimental results with RF, RF KBest, and SVM models are 0.888,
0.904, and 0.210, respectively. In addition, we presented GDP growth rates (as
a percentage) by region. We also analyzed and found some critical factors that
can significantly affect GDP, such as Freedom from Corruption, Property rights,
and the unemployment rate.
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