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public debt, trade balance, gross fixed capital formation, fiscal balance,
and current account. Correlation analysis reveals that most indicators

Keywords exhibit weak linear relationships with GDP, while trade balance shows
Gross Domestic Product, Economic the strongest and statistically significant negative correlation with GDP
Indicators, Multiple Linear (2022:r=-0.314,p<0.001; 2023: r=-0.301, p < 0.001). Stepwise MLR
Regression, Robust Multiple Linear identifies unemployment rate, public debt, and current account as
Regression, MM-Estimation significant predictors of GDP in both years. In the MLR models,

unemployment rate consistently shows a negative effect on GDP (2022:
=-0.0768; 2023: 3 =-0.0776), while public debt and current account
exhibit positive effects. Model evaluation indicates that both MLR and
RMLR provide comparable predictive accuracy. The MLR model
achieves slightly lower prediction errors, with MAE values of 1.1458
(2022) and 1.3923 (2023), and RMSE values of 1.8092 (2022) and
1.7877 (2023). The corresponding R? values for the MLR model are
20.09% in 2022 and 22.03% in 2023, marginally higher than those of
the RMLR model. These results suggest that, after logarithmic
transformation and assumption checking, the MLR model is sufficient
for GDP estimation, while RMLR serves as a valuable robustness check
that confirms the stability of the findings. Future research may extend
this study by incorporating additional years of data, exploring
nonlinear or panel regression frameworks, and examining regional or
income-group heterogeneity to further enhance the explanatory power
of GDP models.

1. Introduction

Gross Domestic Product (GDP) is the primary global economic measure. As a major macroeconomic tool for
economic assessment, GDP provides a recognized framework for tracking national economic conditions by
evaluating total output [1]. The determinants of GDP remain a fundamental issue in economic research and policy
evaluation. However, many studies tend to focus only on a single country or region, limiting the general
applicability of their results. Differences in the methods used to measure GDP growth rates across countries
reduce the effectiveness of comparing GDP growth, especially when there are significant differences in variables
such as inflation, consumer price index, and national accounting systems. In addition to the issue of indicator
correlation, the characteristics of global economic data introduce additional complexity, as these data often exhibit
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extreme values, outliers, and structural heterogeneity [2]. These limitations suggest the need to consider
alternative estimation methods that are less sensitive to outliers.

Previous studies have demonstrated that Ordinary Least Squares (OLS) or Multiple Linear Regression (MLR)
models are highly sensitive to outliers and leverage points, often resulting in unstable coefficient estimates and
inflated error measures. The presence of extreme observations leads to instability in OLS intercepts and increased
standard errors, whereas robust regression methods, particularly MM-estimation, produced stable results with
lower mean squared errors [3]. Similarly, M-estimation could handle minor deviations, it struggled with high-
leverage points, whereas MM-estimation consistently provided the most reliable estimates under various
contamination scenarios [4]. Simulation studies that MM-estimators outperform traditional OLS when regression
assumptions are violated, due to their high breakdown point and efficiency across different error distributions
[5]- In an economic context, robust regression techniques improved model stability and reduced estimation errors
when analysing GDP-related data containing outliers [6]. Overall, empirical evidence supports the use of robust
multiple linear regression methods, particularly MM-estimation, as a complementary approach to MLR when data
irregularities or assumption violations are present.

The objectives of this study are to identify the relationship between selected economic indicators and GDP
using Pearson Correlation Coefficient, to develop a Multiple Linear Regression (MLR) model using stepwise
regression and a Robust Multiple Linear Regression (RMLR) model using MM estimation with selected economic
indicators as independent variables for estimating GDP, and to compare the performance of the MLR and RMLR
models based on Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and coefficient of determination
(R?®)to identify the more suitable model for GDP estimation. This paper is structured as follows. Section 1
introduces the background, problem statement, and research objectives. Section 2 describes the methodology
used in this study. Section 3 presents the results obtained from the regression models. Section 4 discusses the
findings, and the final section concludes the study.

2. Methodology

In this section, the methodology used to conduct the study is discussed. First part talking about the data collection.
Part two is show the strength and direction between two quantitative variables. Part three and part four is explain
about model MLR, RMLR and their assumption checking. Part four talking about model evaluation about MAE and
RMSE.

2.1Data Collection

The data constitutes the macroeconomic indicators of the year 2022 and year 2023 which are GDP, Policy Interest
Rate, Inflation Rate, Unemployment Rate, Public Debt, Trade Balance, Gross Fixed Capital Formation (GFCF), Fiscal
Balance and Current Account. These indicators were chosen to explore recent performances of the global economy
and its interdependencies and show in Table 1. Three primary sources were used to obtain data, including the
World Bank DataBank, the International Monetary Fund (IMF) DataMapper and Trading Economics.

Table 1 The unit of variable and description of variables

Variables Unit Description
GDP (dependent variable) USD Billion Total value of GDP
Interest Rate Percentage The interest rate set by the central bank
Inflation Rate Annual Variation in percentage Measures the year-over-year percentage
change of CPI in percentage
Unemployment rate Percentage The percentage of the labor force
Public Debt Percentage of GDP The proportion of government debt
compared to GDP value
Trade Balance USD Billion The dlfference between a country s exports
and imports of goods and services
GFCF Annual Variation in percentage Measu_r ©s the year-over-y ear pe.zrcentage
change in investments made in fixed assets
Fiscal Balance Percentage of GDP The pro;.)o'rtlon of the government’s fiscal
position compared to GDP value
The proportion of the net trade in goods and
Current Acccount Percentage of GDP services, income, and transfers compared to

GDP value
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2.2 Pearson Correlation Coefficient

The correlation analysis is a statistic used to measure the strength and direction of the linear relationship between
two quantitative variables. Pearson correlation coefficient is the most used statistic to measure the degree of the
relationship between linearly related variables [7].

. ! (x=5)(v,7)
VI (5 2 0,5y

where r is Pearson correlation coefficient between x and y, n is total sample size, x; is value of x for i-th
observation, y; is value of y for i-th observation, X is the mean value of x for all observation, ¥ is mean value of y
for all observation.

(1)

2.3 Multiple Linear Regression (MLR)

MLR is a method of statistical modelling that describes the relationship between two or more independent
variables and one dependent variable. The aim is to know the overall influence of the independent variables on
the dependent variable and to estimate the value of the dependent variable given the values of the independent

variables [8].

) =p +Bx + +...+ +

Y ﬁ() ﬁ]lil ﬁzxfz ﬁp—lxi,p—l g (2)
where iis 1, 2, 3, ..., n denotes the observations, x;, ..., Xip-1iS the independent variables for observation i, y; is
the dependent variable for observation i, §, is the y-intercept of the regression when all independent variables

equal 0, B, is partial regression coefficients or slopes, k is 1, 2, .., p—1 and ¢; is random error term,
independently and identically distributed.

2.3.1 Assumption of MLR

The assumptions must be followed to ensure that the results are valid and reliable in MLR. Firstly, there is
normality of residuals can be evaluated Anderson-Darling test. Secondly, linear relationship between the
dependent variable and each independent variable or called linearity. Thirdly, homoscedasticity must be present
that the residuals should have constant variance across all levels of the independent variables by Breusch-Pagan
test. Lastly, there is no multicollinearity check by Variance Inflation Factor (VIF) [9][10].

2.3.2 Anderson-Darling Test

Normality test is a very important step in many statistical analyses and applications. The invalid conclusions and
unreliable results can violate if the distri}?ution is normally distributed [11].

1

AD=—p—— 2i=1)|InfF(Y ) +In(1—F(Y 3
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where n is the sample size, Y; is ordered data points and F(Y;) is the cumulative distribution function of the
hypothesized distribution evaluated at Y;.

2.3.3 Box-Cox Transformation

This method is a transformation of non-normal dependent variables into normal shape distribution and stabilize
variance [12].

yA=1,4%0
log(y), A=0

where 1 is transformation parameter. All values of A are considered and the optimal value from the data used. The
optimal value is the best approximation of a normal distribution curve.

y(4)= (4)

2.3.3 Breusch-Pagan Test

The Breusch-Pagan test is a statistical test performed to identify the existence of heteroscedasticity in a MLR
model [13]. ,

D=y +px +yx _topx +

STV T T T (5)

where x;;, ..., X;, are the independent variables for observation i, £? is the dependent variable for observation i,
¥, is the intercept of the auxiliary regression, y;, ..., y, is partial regression coefficients in the auxiliary regression,
k is the number of independent and u; is the error term in auxiliary regression. The Breusch-Pagan test (BP)
statistic is computed as the product of the sample size n, and the coefficient of determination, R?obtained from
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the auxiliary regression. The null hypothesis is rejected if the test statistic exceeds the critical value from the chi-
square distribution)(,ia, indicating heteroscedasticity is present.

2.3.4 Variance Inflation Factor (VIF)

One way to detect multicollinearity is using VIF, which quantifies how much the variance of a coefficient is
increased due to multicollinearity. VIF above 5 show that multicollinearity might exist, and further investigation
is required [14].

1
VIF =T (6)
where R? is the unadjusted for R? for i-th independent variables.

2.3.5 Stepwise Regression

Stepwise regression repeatedly chooses the independent variables are necessary for building a prediction of
model. It simplifies large sets of data by systematically including or removing variables according to their
importance for the model which makes it helpful for spotting the most important independent and keeping the
main information. The process repeats itself until adding more variables does not result in meaningful
improvements and the model contains just the most important features [15].

2.4Robust Multiple Regression (RMLR)

RMLR model addresses extreme values or high leveraged observations in economics, which tend to be valid and
informative data rather than errors [16]. Conventional methods for multivariate analysis are usually affected by
extreme values because apply least squares to find the best fit of curve to minimizing the sum of square error. The
purpose of a robust method is to minimize or eliminate the impact of unusual data so the average of most of the
data is more decisive. Moreover, strong methods are value-additional since they enable analysts to identify and
manage extreme values or high-leverage observations by combining exploratory methods and standard
diagnostic measures to verify model stability and reliability [17].

2.4.1 MM-Estimation

MM-estimation is constructed using a three-step procedure. First, an initial regression estimate f,is obtained
using an S-estimator. Next, the scale of the residuals, &, is estimated using an M-estimator of scale based on the
initial regression estimate S, [5].

p= argm;fn (r](ﬁ),---ﬂ‘n(ﬁ)) (10)
where f§ is the estimated of the regression coefficients, & is robust error scale estimate and 7;(8) = y; — x/ 8 is the
residual of observation i. Then, using f,as the starting value and the fixed scale 4, an M-estimator of the final
regression coefficients fis computed.

r(r(B)
2 A (11)
R G

where p is a bounded loss function, & is robust error scale estimate and § is a constant, the expected value of p(r)
under standard normal distribution. Finally, the MM-estimation of the regression coefficients is obtained by
minimizing.

n(r(B)
=20 13 (12)

i=1
where L(f) is the total loss over all residuals after scaling and applying p, S is vector of regression coefficients, p
is a bounded loss function, r;(B) is S is the residual of observation i, and & is robust error scale estimate.

2.5Assumption of RMLR

In real-world data, a few observations tend to deviated from the fitted regression line. The primary goal of
regression analysis is to understand the relationship between the dependent variable and the independent
variables that make up the majority of the data, rather than focusing excessively on these isolated observations.
However, these extreme values give some warrant special attention and they can make significantly impact on the
model estimations and statistical conclusion [4].
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2.5.1 Hat Matrix Leverage Value

Leverage values are derived from the hat matrix, and it quantify how much each observation’s predictor values
can influence the regression fit [8]. R

ho=x(xTx) "X 7)
where h;; is the leverage value of i-th observation, X is the design matrix of regression model and Xis transpose
of the design matrix. The leverage threshold defined as two times the ratio of (p+1)to the sample size n, where
p + 1 represents the total number of independent variables in the model including the intercept. Any observation
with a leverage value h;; exceeds than this threshold is considered a high-leverage observation.

2.5.2 Studentized Residuals

Studentized residuals are typical procedures used to identify unusually large residuals in the dependent variable
to identify extreme values that is greater than absolute value of 3 [8].
€.

r

7 =
CG1-h (8)
u
where e; is the difference between actual value and predicted value on i-th observation, 6 is standard error
standard deviation and h;; is the leverage value of i-th observation.

2.5.3 Cook’s Distance

Cook’s distance is used to assess the impact of observations resulting from its combined effects on studentized
residual and leverage value [8].
e h.
I i

b= ' (-7} (9)

s f1-% i

143
where e; is the difference between actual value and predicted value on i-th observation, & is residual standard

deviation and h;; is the leverage value of i-th observation. An observation considered highly influential when its
Cook’s distance value, D;exceeds the threshold value defined as 4 divided by sample size n.

2.6 Model Evaluation

The study applies popular regression evaluation methods to measure the model of MLR and RMLR. The MAE and
RMSE are examples of these, which examine things such as the average magnitude of prediction mistakes and how
well the variables related.

2.6.1 Mean Absolute Error (MAE)

MAE is appropriate if outliers have been affected by incorrect data. As a result, MAE tends not to downgrade the
performance of outliers, which is why the performance of the model remains constant and bound. However, if the
test set includes a high number of outliers, the perforr'rllance of the model will not be very good [18].
1
MAE=—7.

-5 13
pe 2 7 (13)

where n is number of observations, y, is actual value for i-th observation and §; is predicted value by regression
model for i-th observation.

2.6.2 Root Mean Square Error (RMSE)

RMSE is calculated by taking the square root of Mean Square Error. RMSE functions similarly to the standard
deviation of residuals, indicating the degree of dispersion of the residuals [19].

(14)

where n is number of observations, y; is actual value for i-th observation and 7, is predicted value by regression
model for i-th observation.

2.6.3 Coefficient of determination (R?)

The coefficient of determination measures the part of the dependent variable’s changes that the independent
variables can explain [18].
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R2=l__ 14
SST a5

where SSE is the sum of squared errors and SST is the total sum of squares
3. Results and Discussions

3.1Correlation Analysis

Table 2 show the result of Pearson Correlation coefficient between GDP and selected economic indicator.

Table 2 Pearson Correlation coefficient between GDP and selected economic indicator

Dependent Independent Pearson Correlation Pearson Correlation

Variable Variables coefficient 2022 p-value coefficient 2023 p-value

Interest Rate -0.053 0.530 -0.051 0.550

Inflation Rate -0.073 0.389 -0.060 0.479

Unemployment rate -0.098 0.244 -0.093 0.269

GDP Public Debt 0.201 0.016 0.223 0.008

Trade Balance -0.314 0.000 -0.301 0.000

GFCF -0.001 0.993 -0.063 0.457

Fiscal Balance -0.056 0.509 -0.069 0.415

Current Account 0.063 0.459 0.047 0.578

The Pearson correlation analysis for 2022 and 2023 indicates that most selected economic indicators do not
exhibit statistically significant linear relationships with GDP at the 5% significance level. Interest Rate, Inflation
Rate, Unemployment Rate, GFCF, Fiscal Balance, and Current Account show weak and not statistically significant
correlations with GDP in both years. In contrast, Public Debt demonstrates a weak but statistically significant
positive correlation with GDP, while Trade Balance exhibits a moderate and statistically significant negative
correlation across both years. The consistency of these findings suggests that among the selected indicators, Trade
Balance has the strongest linear association with GDP.

3.2MLR Model

3.2.1 Normality Test
Table 3 shows the results of the normality test of GDP by using the Anderson-Darling test.

Table 3 Normality test of GDP in 2022 and 2023
Anderson-Darling test GDP 2022 In GDP 2022 GDP 2023 InGDP 2023
p-value <0.005 0.076 <0.005 0.121

The original data for GDP values in 2022 and 2023 are not normally distributed. Hence, the Box-Cox
transformation is applied, and the natural logarithm (In) transformation identified and provided an approximately
normal distribution. This transformation satisfies the normality assumption required for regression analysis for
both the 2022 and 2023 datasets.

3.2.2 Linearity Test

The figure 1 and 2 show the linearity test using the residual plot versus each independent variable in 2022 and
2023. The residual plots 2022 and 2023 show that the residuals are randomly distributed around the zero line
across all independent variables, indicating that the linear specification of the model is appropriate. No clear
systematic patterns or non-linear relationships are observed. The residual plots support the adequacy of the MLR
model, as the key assumptions of linearity are satisfied.
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3.2.3 Breusch-Pagan Test

Before the Breusch-Pagan test, the auxiliary regression of squared residuals produced coefficient of determination
as 0.1066 in 2022 and 0.0518 in 2023 with a total sample size of 142 observations. For the chi-square critical
value at the 5% significance level with 8 degrees of freedom is 15.507. Table 4 shows the result of Breusch-Pagan
test of 2022 and 2023.

Table 4 Breusch-Pagan test of 2022 and 2023
2022 2023
15.1372 7.3556

Breusch-Pagan test

Test-statistic value

For both 2022 and 2023, the Breusch-Pagan test statistics of 15.1372 and 7.3556 respectively do not exceed
the Chi-Square critical value of 15.507, indicating that the null hypothesis of homoscedasticity cannot be rejected
and the models satisfy the assumption of constant variance.
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3.2.4 Multicollinearity Check

The multicollinearity check using the Variance Inflation Factor (VIF) to ensure that independent variables are not
highly correlated. Table 5 shows the VIF results of In GDP between the independent variables in 2022 and 2023.

Table 5 VIF resultin 2022 and 2023

VIF Interest Inflation Unemployment Public Trade GFCF Fiscal Current
result Rate Rate rate Debt Balance Balance Account
2022 1.25 2.06 1.09 1.33 1.08 1.62 1.27 1.22
2023 1.25 1.87 1.17 1.31 1.05 1.22 1.07 1.21

The results of the VIF show that all independent variables have values well below the common threshold of
4. This suggests that there is no significant multicollinearity among the variables in 2022 and 2023.

3.2.5 Stepwise Regression

The stepwise regression results for the MLR model in 2022 and 2023 identify Current Account, Public Debt, and
Unemployment Rate as the significant economic indicators associated with GDP. Table 6 presents the inferences
of regression coefficients of the final MLR models after the stepwise selection procedure. The t-test results indicate
that all selected variables are statistically significant at the 5% significance level in both years. In addition, the
Variance Inflation Factor (VIF) values are close to 1, suggesting that multicollinearity is not a concern.

Table 6 Inferences of regression coefficient MLR after stepwise selection in 2022 and 2023

Year 2022 2023
Coefficient t-value p-value VIF Coefficient vatl-ue v aI;;le VIF
Constant 4.275 12.97 0.000 4111 13.29 0.000
Unemployment Rate -0.0768 -3.12 0.002 1.02 -0.0776 -3.27 0.001 1.06
Public Debt 0.0151 3.63 0.000 1.07  0.01808 431 0.000 1.07
Current Account 0.0712 4.44 0.000 1.05 0.0858 4.30 0.000 1.02

From an economic perspective, the Unemployment Rate exhibits a negative relationship with GDP (2022: -
0.0768, t = -3.12, p = 0.002; 2023: -0.0776, t = -3.27, p = 0.001), consistent with economic theory, as higher
unemployment reflects underutilization of labour resources and leads to lower economic output. Public Debt
shows a positive association with GDP (2022: 0.0151, t = 3.63, p < 0.001; 2023: 0.0181, t = 4.31, p < 0.001),
suggesting that government borrowing may contribute to economic activity through expansionary fiscal policies,
although the magnitude of the effect remains modest. The positive coefficient of the Current Account (2022:
0.0712,t=4.44,p < 0.001; 2023: 0.0858, t = 4.30, p < 0.001) indicates that improvements in external balance are
associated with higher GDP, potentially due to increased net exports or improved international competitiveness.
These findings support the study’s objective of identifying key economic indicators that influence GDP using the
MLR model.

3.3RMLR model

3.3.1 Extreme values and Influential points

Table 7 shows the result of extreme values and influential points from stepwise regression of MLR models in 2022
and 2023. These results are test by studentized residual, hat matrix leverage value and Cook’s Distance.

Table 7 Result of extreme values and influential points

Test 2022 2023
Case number Proportion Case number Proportion
of sample of sample
Studentized No observations exceeded the 0% No observations exceeded the 0%
residual threshold 0 threshold 0
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Hat matrix 16, 36,51, 65,70, 72,87,97,107, 16, 36,51, 65,70, 72,115,
leverage 115,118,121, 123 and 135 9.86% 118,121 and 123 7.04%
values
Cook's 36,72, 118, 122, 129, 137 36,70,72,115,118,122 and

) 4.23% 137 4.93%
Distance

In both years, no observations exceeded the 3 threshold for studentized residuals, indicating the absence of
extreme outliers in the response variable. High-leverage observations accounted for approximately 9.86% of the
sample in 2022 and 7.04% in 2023, reflecting the presence of several observations with unusual predictor
combinations, which is expected in cross-country economic data due to structural heterogeneity. Influential points
based on Cook’s distance represented 4.23% of observations in 2022 and 4.93% in 2023, suggesting that a small
proportion of cases may moderately affect the estimated coefficients. Overall, fewer than 10% of observations
were identified as extreme or influential across all diagnostic measures in both years, indicating that the datasets
are not dominated by outliers or highly influential points. The identified observations likely represent valid
economic conditions rather than data errors, supporting the robustness of the MLR stepwise models.

3.3.2 MM-Estimation

Table 8 shows the result of inferences of regression coefficient RMLR model 2022 and 2023 by using MM-
estimation including the coefficients, t-value and p-value. The results show that Unemployment Rate, Public Debt,
Trade Balance, and Current Account in 2022 and 2023 have stronger effects in MM-estimation with very small p-
values.

Table 8 Inferences of regression coefficient RMLR model 2022 and 2023

Term 2022 2023
Coefficient t-value p-value Coefficient t-value p-value
Intercept 4.4042 12.1136 0.0000 4.2463 11.5583 0.0000
Policy Interest Rate -0.0060 -0.6197 0.5365 0.0039 0.3161 0.7524
Inflation Rate 0.0041 0.3670 0.7142 -0.0013 -0.1500 0.8810
Unemployment Rate -0.0804 -3.0834 0.0025 -0.0696 -2.6825 0.0082
Public Debt 0.0130 2.7222 0.0074 0.0144 2.9853 0.0034
Trade Balance -0.0038 -3.1482 0.0020 -0.0037 -2.8521 0.0050
GFCF 0.0124 0.7332 0.4648 -0.0123 -1.0715 0.2859
Fiscal Balance 0.0084 0.2352 0.8144 -0.0158 -0.4628 0.6443
Current Account 0.0754 4.2502 0.0000 0.0903 3.9795 0.0001

The remaining variables such as Policy Interest Rate, Inflation Rate, GFCF and Fiscal Balance demonstrate
limited influence in the robust regression. This reinforces that only certain macroeconomic indicators play a
meaningful role in explaining GDP variations under the robust regression framework. Economically, the results
mirror the MLR model. The negative association of the Unemployment Rate indicates that higher unemployment
reduces GDP, while Public Debt contributes positively to GDP. Trade Balance shows a negative effect, highlighting
the importance of net exports for economic performance, and improvements in the Current Account are
associated with higher GDP. These relationships are stable across both years, demonstrating that the RMLR model
using MM-estimation effectively identifies key indicators while reducing the influence of outliers.

3.4Model Evaluation

Table 9 shows the result of MAE, RMSE and Coefficient of Determination for MLR and RMLR model in 2022 and
2023.

Table 9 Result of MAE and RMSE Coefficient of Determination for MLR and RMLR model in 2022 and 2023

Coefficient of

Model MAE RMSE Determination, R?
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MLR Model 2022 1.1458 1.8092 20.09
RMLR Model 2022 1.3913 1.8195 19.17
MLR Model 2023 1.3923 1.7877 22.03
RMLR Model 2023 1.3931 1.7932 19.27

The results indicate that the MLR and RMLR models exhibit very similar predictive accuracy in both 2022 and
2023.1In 2022, the MLR model achieved lower MAE (1.1458) and RMSE (1.8092) compared to the RMLR model.
In 2023, the prediction errors of both models were very close, with the MLR model again showing slightly lower
values. The coefficient of determination (R?), which measures the proportion of variance in GDP explained by the
model, was also comparable between the two models. In 2022, the MLR model achieved an R? of 20.09%, while
the RMLR model recorded 19.17%. A similar pattern was observed in 2023, where the MLR model attained an R?
of 22.03%, compared to 19.27% for the RMLR model. These relatively small differences suggest that both models
capture GDP variability to a comparable extent.

The slightly better performance of the MLR model, despite the presence of some high-leverage and influential
observations, can be explained by two factors. First, the logarithmic transformation of GDP helps stabilize variance
and reduces the influence of atypical observations, thereby diminishing the potential advantage of robust
regression. Second, the MLR model was constructed using stepwise selection, which removes non-significant
predictors and indirectly limits the impact of leverage points. In contrast, the RMLR model was estimated using
all selected predictors without stepwise selection. Consequently, the minor differences in predictive errors and
R? are consistent with the diagnostic results, and the MLR model remains appropriate for GDP estimation under
these conditions.

4. Conclusion

The Pearson correlation analysis for 2022 and 2023 indicates that most selected economic indicators do not
exhibit statistically significant linear relationships with GDP at the 5% significance level. Interest Rate, Inflation
Rate, Unemployment Rate, Gross Fixed Capital Formation (GFCF), Fiscal Balance, and Current Account display
weak and non-significant correlations with GDP in both years. In contrast, Public Debt shows a weak but
statistically significant positive correlation with GDP, while Trade Balance demonstrates a moderate and
statistically significant negative correlation across both years.

The MLR models for 2022 and 2023, developed using stepwise regression, satisfied key regression
assumptions, including linearity, homoscedasticity, and low multicollinearity, following the natural logarithm
transformation of GDP. Diagnostic tests based on studentized residuals, leverage values, and Cook’s Distance
indicate that extreme and highly influential observations are limited and do not dominate the datasets, supporting
the stability and reliability of the estimated coefficients.

Robust multiple linear regression (RMLR) models based on MM estimation were developed in parallel as a
robustness check and produced results consistent with the MLR estimates. A comparison of predictive
performance for both years shows that the MLR model consistently achieved equal or slightly lower MAE and
RMSE than the RMLR model, indicating marginally better predictive accuracy. The coefficient of determination
(R?) was also comparable between models, with MLR explaining 20.09% and 22.03% of GDP variation in 2022
and 2023, respectively, while RMLR explained 19.17% and 19.27%.

The slightly better performance of the MLR model can be attributed to the logarithmic transformation of GDP,
which stabilizes variance and reduces the influence of atypical observations, as well as the use of stepwise
selection, which removes non-significant predictors and indirectly mitigates the impact of leverage points. Overall,
the selected economic indicators are suitable for GDP estimation, the MLR model is the most appropriate
predictive approach for the given dataset, and the RMLR results confirm the robustness and stability of the
regression analysis.
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