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Appendix A
For the PMG, we can formulate long-run and short-run models as depicted in Eqs. (2) and (3) below:

						(2)





The cross-sectional unit, time frame and optimal lags, are depicted by ,  and  respectively.  indicates the exogenous variables,  ΔGDP, ΔLNFDIIN, ΔLNFDIOUT, ΔLNGDI, ΔLNGCF, ΔLNEXP, ΔLNIMP, ΔLNTRADE, ΔINF, representing the independent variables. Moreover, optimal lag orders are depicted by p and q while indicated the error terms in the short-run model estimation:

				(3)



The ECT (Error Correction Term) evaluates the chosen variables in a long-term context. This analysis determines the rate of recovery of long-run equilibrium from short-run disturbances. Following a shock , it indicates the direction towards which the long-run equilibrium will converge, as demonstrated by. Additionally, the coefficients must be both statistically significant and negative. The augmented mean group (AMG) methodology addresses cross-sectional dependency through the integration of dynamic effects. Eberhardt and Teal (2011) presented the AMG approach as a substitute for the two-step method proposed by (Pesaran and Yamagata, 2008). Initially, ordinary least squares (OLS) in difference form is employed to integrate unobserved time dummies, as demonstrated in Equations 4 and 5 below:

							(4)







Wherepresents dependent variable,  presents explanatory variables,  indicates differenced and  presents intercept. , and  indicates the slope of cross-sections, unobserved common effects and heterogenous factors. Parameters for AMG model for every cross-section are averaged as:

										(5)
After the cointegration test and confirming the long-term relationships among the variables, the next step is to estimate the long run cointegration parameters. The equation of the single cointegration vector was used to assess the direction and magnitude of the independent factors' impacts on the dependent variables, utilizing the panel Fully Modified OLS (FMOLS) estimator, as utilized by (Musa et al., 2022). It computes the average long-term covariance matrix of a one-sided long-term covariance matrix  and a long-term covariance matrix  with the amended dependent variable ( ) and serial correlation correction terms specified in the long term ():
										(6)
 										(7)
where the corresponding data for the individual deterministic trends denoted as  and  denoted as the long-term average variance of the residuals . The estimate for the pooled FMOLS may be expressed as follows:
 						(8)
where  is the estimator for the pooled FMOLS and  is corresponding to the data purged from the individual deterministic trends. The panel estimators are summed separately in the numerator and denominator at the country level and enables a thorough analysis of short- and long-term relationships between variables, including strict causality assessment. The FMOLS test following (Musa et al., 2022) provided clear results by evaluating the impact of independent variables on financial growth. This choice enhances the study's robustness and comprehensiveness, but the potential causal linkages among them are still unexamined. We therefore employed the (Dumitrescu and Hurlin, 2012) to assess the Granger causality because the variables were cointegrated. The F and t statistics for the lagged independent variables indicate the significance of short-term causal influence. The t-statistics show the significance of the long-term causal effect of the coefficients for the lagged error-correction factor. The Schwarz Information Criterion (SIC) was used to determine the lag length p. We used variance decomposition analysis in with the Cholesky decomposition method to measure the causal influence of one variable on another and to evaluate how each variable responds to changes in the others. The asymptotic distribution of panel VAR parameters and the variance-covariance matrix of the cross-equation error can be used to evaluate confidence intervals for variance decomposition. Alternatively, (Lütkepohl, 2005) proposes calculating the confidence interval using Monte Carlo simulation and bootstrap resampling techniques.
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