



Empirical Validation of Robust Estimators in Panel Data Models under Multicollinearity, Heteroscedasticity, and Autocorrelation

ABSTRACT
	Aims: The study aims to simultaneously address multicollinearity, heteroscedasticity, and autocorrelation, which commonly undermine the reliability of conventional estimators such as Ordinary Least Squares (OLS), Feasible Generalized Least Squares (FGLS), First Difference (FD), and Between Estimators (BTW).

Study design:  Quantitative research design 
Place and Duration of Study: The study used a real Cigarettes SW panel dataset from the AER package for 50 US states from 1970 to 2000
Methodology: We proposed new estimators which include the Robust Shrinkage GMM (RSGMM), Panel Adaptive Ridge GMM (PARGMM) and Heteroscedasticity-Autocorrelation-Robust Shrinkage GMM (HARSGMM). The metrics considered included bias, variance, mean squared errors, efficiency and robustness.

Results: The results revealed that all estimators indicated the positive impact of tax and population on cigarette price and the negative impact of income levels on cigarette prices. The proposed estimators such as HARSGMM achieved 1.74 efficiency and lowest MSE 0.0922 and RSGMM achieved 1.52 efficiency and 0.1003 MSE, which consistently outperform traditional estimators. Similarly, the findings indicated that HARSGMM and RSGMM are more robust estimators given their low condition numbers, variances and high efficiency. 
Conclusion: This study recommends the broader application and integration of these robust techniques into econometric software and policy-oriented research. This will be beneficial for empirical researchers, students and the government organizations when dealing with complex panel datasets.
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1. INTRODUCTION
In econometric analysis, linear regression models are extensively employed in analysing time series, cross‑sectional and panel data (Wooldridge 2010; Greene 2008). Their validity relies on the fulfillment of the Classical Linear Regression Model (CLRM) assumptions namely, no multicollinearity, homoscedasticity and no autocorrelation.  Specifically, the absence of multicollinearity implies that the regressors are uncorrelated with each other (Greene, 2008; Johnston, 1972). Hence, its presence arises from high intercorrelation among regressors, which leads to inflated variances and unstable estimates in ordinary least squares (OLS) regression (Sevind & Gktaş 2019; Wooldridge 2010). Achieving homoscedasticity constant error variance across observations has also become problematic especially when analyzing cross-sectional and panel datasets. Consequently, heteroscedasticity occurs compromising the efficiency of OLS estimates and distorts hypothesis testing (Dawoud & Kaanlar 2015). Similarly, the assumption of no autocorrelation ie uncorrelated error terms across time when unmet leads to biased standard errors and unreliable inference in dynamic models (Durbin & Watson 1950). 
[bookmark: _Hlk179361475]While extensive literature has addressed each of these problems individually through methods like Ridge regression (Hoerl & Kennard, 1970), Liu estimators (Liu, 1993; Akdeniz & Kaciranlar, 1995), and Feasible Generalized Least Squares (Cochrane & Orcutt, 1949; Rao & Griliches, 1969). Only a few studies have explored scenarios of their coexistence (Garba, Oyejola &Yahya, 2013; Okolie, Olanrewaju & Oguntade, 2025). Despite these advances, their application in real-world panel datasets still remains underexplored. This represents a significant gap, as simultaneous violations commonly occur in applied settings (Wondola, Aulele & Lembang, 2020; Lukman, Ayinde, Oludoun & Onate, 2020)). To fill this gap, this study empirically tests three novel estimators Robust Shrinkage GMM (RSGMM), Panel Adaptive Ridge GMM (PARGMM), and Heteroscedasticity–Autocorrelation‑Robust Shrinkage GMM (HARSGMM) alongside benchmark OLS, FGLS, First-Differenced (FD), and Between (BTW) estimators. Guided by this objective to validate their performance and robustness, these estimators are applied to real-world panel data affected by multiple assumption violations.
2. Literature Review
[bookmark: _Hlk208172418][bookmark: _Hlk208172603][bookmark: _Hlk179360396][bookmark: _Hlk208172627][bookmark: _Hlk179360428][bookmark: _Hlk208172641][bookmark: _Hlk179360609][bookmark: _Hlk208172729][bookmark: _Hlk179360634][bookmark: _Hlk208172742]In response to the violation of the assumption of multicollinearity, autocorrelation and heteroscedasticity in the Classical Linear Regression Model (CLRM), a variety of linear biased estimators have been proposed in the literature. For autocorrelation violation, Aitken (1935), Cochran and Orcutt (1949), Durbin and Watson (1950) and Trenkler (1984) have proposed alternative estimators to the OLSE such as the generalized ridge estimator and others. For multicollinearity, the Stein estimator (1960) and the Ordinary Ridge Regression (ORR) estimator were proposed. Other biased estimators, such as the modified ridge regression by Swindel (1976) and Jackknifed Ridge Regression (JRR) proposed by Singh and Dwivedi (1986) have been developed to handle multicollinearity. Beyond biased estimators, principal component regression (PCR) developed by Massey (1965) and Wold (1966) developed Partial Least Squares (PLS) were designed to handle multicollinearity.
[bookmark: _Hlk208173007]Empirical validation to addressing these violations include the Garba et al (2013) study on the efficiency of four methods for estimating panel data models. They found that in small sample situations, the Feasible Generalized Least Squares (FGLS) estimator is efficient when facing severe heteroscedasticity while when heteroscedasticity is low or mild with moderate autocorrelation, both First-Differenced and FGLS methods are efficient. In large samples with short time periods, First-Differenced and Between methods are preferable under no autocorrelation and low heteroscedasticity while FGLS is favored otherwise. Pooling estimator performs better when assumptions of homoscedasticity, independence of error terms, and orthogonality among explanatory variables are valid. 
[bookmark: _Hlk179360901]In another study, Sevind and Gktas (2019) addressed both multicollinearity and heteroscedasticity by employing weighted ridge regression estimation and found it had a nuanced performance. This is similar to Tobechukwu and Azubuike (2020) who examined some panel data estimators in the presence of serial and spatial autocorrelation with panel heteroscedasticity. Their comparison of the estimators showed that Park-Kmenta estimator even with its flaws is still the most efficient estimator compared to the Panel Corrected Standard Error Estimator (PCSE) and Panel Weighted Least Square Estimator (PWLS). 
[bookmark: _Hlk202427671][bookmark: _Hlk179360857][bookmark: _Hlk202427690][bookmark: _Hlk202428417][bookmark: _Hlk202428471][bookmark: _Hlk200179748][bookmark: _Hlk179360958][bookmark: _Hlk179360990][bookmark: _Hlk179361713]Furthermore, Roozbeh, Babaie Kafaki, and Aminifard (2021) proposed two mixed-integer nonlinear optimization models to address outliers and multicollinearity coexistence in a dataset. These models, solvable through metaheuristic algorithms, incorporate penalization schemes to down-weight or ignore unusual data and multicollinearity effects. The proposed method was found robust through the analysis of three real datasets to access its performance. On another hand, Zubair and Adenomon (2021) introduced a novel estimator termed the Two-Stage K-L estimator, a fusion of Prais Winsten's (1958) autocorrelation estimator and Kibra and Lukman's (2020) multicollinearity estimator. Their findings revealed that in scenarios of severe autocorrelation and moderate collinearity, the Two-Stage K-L estimator consistently outperforms other estimators, irrespective of sample size.
Similarly, Oyewole (2022) investigated multicollinearity and autocorrelation in multiple regression analysis by comparing the GLS-R regression technique with other methods, including Least Squares, Ridge regression and Lasso regression, based on Mean Square Error (MSE) and Akaike Information Criteria (AIC). The findings suggested that the GLSR regression model outperforms the other techniques when dealing with multicollinearity and autocorrelation simultaneously. In another context, Adejumo, Olatayo, Okegbade, Adesina and Oyeleke (2025) proposed the Robust M-version of the New Biased Based Estimator (M-NBB) which is designed to handle both multicollinearity and outliers effectively. Their simulation results the M-NBB estimator is a robust and reliable alternative for practitioners dealing with datasets affected by both multicollinearity and outliers. 
In a recent study, Okolie, Olanrewaju and Oguntade (2025) proposed the Robust Shrinkage Generalized Method of Moments (RSGMM), Panel Adaptive Ridge GMM (PARGMM), and Heteroscedasticity-Autocorrelation-Robust Shrinkage GMM (HARSGMM) for panel data models to address the simultaneous existence of multicollinearity, heteroscedasticity, and autocorrelation. Their simulation results revealed that HARSGMM and RSGMM consistently outperformed traditional estimators in terms of lower bias and mean square error (MSE). 
3. methodology 
This study conducted a comparative analysis of proposed robust estimators designed to address common violations of classical linear regression assumptions in panel data models as against some existing estimators. A Cigarettes SW dataset from the AER package for 50 US states over the years 1970–2000 was employed. The dataset is structured in panel data format, allowing for both cross-sectional and time-series analysis. It is statistically represented as 
CP = βo + β1T + β2 Y + β3 Pop 		(1)
Where CP is cigarette price is the regressand while T is tax, Y is income and Pop is population represent the regressors. βo represent the intercept while β1 - β3 represent the slope of the regressors. 
3.1. Proposed Estimator 
The estimators are developed by extending the Generalized Method of Moments (GMM) framework and incorporating shrinkage and adaptive regularization strategies to improve estimator performance. These estimators are discussed below.

3.1.1: Robust Shrinkage GMM (RSGMM): 
It is designed to address the challenges of multicollinearity and heteroscedasticity in panel data models. This model combines the Generalized Method of Moments (GMM) framework which suffer from inflated variances when regressors are highly collinear with a shrinkage approach drawing from the ridge regression approach proposed by Hoerl and Kennard Hoerl and Kennard (1970). The General Model Setup for RSGMM is expressed as:

Where: Yi is the n × 1 vector of dependent variables for the ith individual; Xi is the n × k matrix of regressors; β is the k × 1 vector of parameters and εi is the error term. 
GMM Objective Function: GMM estimates β by minimizing the following objective function:

In equation 3,	 represents the moment condition for the -th individual. It is a vector-valued function representing the difference between the data and the model predictions based on the current estimate of . Zi is the instrument matrix, while Wi is the weighting matrix, typically set as the inverse of the covariance matrix of the moment conditions.
To regularize the GMM estimation under multicollinearity, a shrinkage term λI is added to yield the RSGMM estimator. The impact of the shrinkage parameter λ is critical in balancing bias and variance. While it introduces a degree of bias into the estimation, it significantly reduces the estimator’s variance, particularly in the presence of multicollinearity Hoerl and Kennard (1970). As a result, the overall mean squared error (MSE) may decrease, leading to more reliable estimates in finite samples as stated below. The final RSGMM model is stated as;

In equation 4,  is the stacked matrix of all regressors across individuals;  is the stacked vector of dependent variables across individuals;  is the block diagonal matrix containing the weighting matrices  for each individual;  is the shrinkage term, where  is a non-negative constant (the regularization parameter) and  is the identity matrix of size . RSGMM retains the consistency and efficiency of GMM while offering greater robustness due to its suitability for complex panel data models where traditional GMM may underperform due to multicollinearity.
3.1.2 Panel Adaptive Ridge GMM (PARGMM): 
This estimator is proposed as an extension of the Robust Shrinkage GMM (RSGMM) to account for fixed effects and regularization term in panel data models, where both individual-specific heterogeneity and multicollinearity are present. This is to enhance estimators’ stability and robustness. The general setup for PARGMM is specified as:

In equation 5,  is the dependent variable for individual  at time ;  is the matrix of regressors for individual  at time , of dimension  (where  is the number of regressors and  is the time period);  is the vector of parameters to be estimated of dimension ;  represents the individual-specific fixed effects for the -th individual and  is the error term, capturing the deviations between the observed  and its expected value based on the model.
GMM Objective Function: This is an extension of the regular GMM estimator to handle both the time and individual dimensions. It is defined as:

In equation 6,  represents the moment condition for individual  at time ;  is the instrument matrix and  is the weighting matrix that accounts for the error structure of the panel data.
To mitigate the effects of multicollinearity in panel settings, a shrinkage parameter λ is introduced into the estimation framework. The shrinkage term stabilizes estimates by penalizing large coefficients, reducing variance and improving robustness. The final PARSGMM model is stated as;

[bookmark: _Hlk202294051]In equation 7,  is the stacked matrix of regressors for all individuals and time periods, accounting for both the individual and time dimensions;  is the stacked vector of dependent variables for all individuals and time periods;  is the block diagonal matrix containing the weighting matrices  for each individual and time period;  is the shrinkage term, where  is a non-negative regularization parameter and  is the identity matrix of size . PARGMM ensures consistency and efficiency, making it suitable for panel datasets with correlated regressors and unobserved individual effects.

3.1.3. Heteroscedasticity-Autocorrelation-Robust Shrinkage GMM (HARSGMM): 
This estimator extends the traditional GMM framework by simultaneously addressing three major violations of the classical linear regression assumptions—multicollinearity, heteroscedasticity, and autocorrelation. While GMM can accommodate some violations separately, HARSGMM incorporates an integrated solution that enhances robustness and efficiency in panel data models with complex error structures. 
[bookmark: _Hlk200187649]The HARSGMM model extends the standard GMM framework by incorporating an autoregressive structure into the error term, which accounts for autocorrelation. The general model is specified as:

From equation 8,   is the dependent variable for the -th individual;  is the matrix of regressors for the -th individual, of dimension ;  is the vector of parameters to be estimated of dimension  is the autocorrelation coefficient that captures the correlation between successive error terms and  is the error term, which follows a normal distribution with heteroscedastic variance . 
GMM Objective Function for HARSGMM: The GMM estimator minimizes the sum of squared moment conditions, as before. The objective function for HARSGMM is:

In equation 9,  represents the moment condition for the -th individual; where  is the instrument matrix and  is the weighting matrix that accounts for both heteroscedasticity and autocorrelation in the error structure.
To handle multicollinearity, a shrinkage parameter  is introduced, similar to the Ridge regularization technique (Hoerl, 1970). This regularization term helps stabilize the estimator in the presence of highly correlated regressors, reducing variance and improving the overall robustness of the model. The resulting HARSGMM estimator is formulated as:

In equation 10,   is the stacked matrix of regressors for all individuals;  is the stacked vector of dependent variables for all individuals;  is the block diagonal matrix containing the weighting matrices  for each individual, which account for heteroscedasticity and autocorrelation;  is the shrinkage term, where  is a non-negative regularization parameter and  is the identity matrix of size . HARSGMM ensures consistency as n → ∞, assuming valid instrument conditions and correct model specification Hansen (1982). It also achieves asymptotic efficiency within the class of GMM estimators and remains robust to the joint presence of multicollinearity, heteroscedasticity, and autocorrelation, offering improved inference in empirical applications.
3.2 Some Existing Estimators of Panel Data Models Considered
These estimators offer varied approaches for handling key violations in panel data analysis, each with distinct assumptions and strengths.
3.2.1 Pooled OLS estimator:
It combines all observations from cross-sectional and time-series data into one large regression. Hence assumes there are no individual or time effects and there are homoscedasticity and no autocorrelation in the error terms, which may be unrealistic for panel data, leading to biased and inefficient estimates. It is mathematically expressed as
 
In equation 11,   is an  vector of the dependent variable; : is an  matrix of regressors; : is a  vector of unknown coefficients and : is the  vector of error terms, .
3.2.2 Between estimator: 
It uses cross-sectional averages to capture between-group variation but disregards withing group information and eliminates the time dimension by averaging overtime which is expressed as;

Where: , the average value of  for each individual ; , the average of each regressor  over time for individual  and , the average of error terms for individual . The between estimator performs OLS on these averaged data points:

3.2.3 First-Differenced estimator: 
It eliminates individual effects by differencing observations over time. The first-differenced model is expressed as:

Where: , the difference in  across two periods; , the difference in each regressor across two periods and , the differenced error term.
3.2.4 Feasible Generalized Least Squares (FGLS) estimator: 
It addresses both heteroscedasticity and autocorrelation by transforming the model using estimated variance components. The feasible GLS (FGLS) estimator is expressed as 


3.3 Performance Metrics
[bookmark: _Hlk200188605]The performance of the proposed estimators is evaluated based on several key metrics. These metrics include bias, variance, mean squared error (MSE), efficiency, and robustness, each of which is derived below.

3.3.1. Bias: 
The bias of an estimator  is the difference between its expected value and the true parameter . A biased estimator has , while an unbiased estimator has . Mathematically, it is expressed as:

[bookmark: _Hlk200189310]Where:  is the estimator of the parameter ;  is the expected value of the estimator ;  is the true parameter. 
[bookmark: _Hlk200189103]3.3.2 Variance: 
[bookmark: _Hlk200189727]The variance of an estimator  measures the dispersion of the estimator's sampling distribution. Variance quantifies how much the estimator  is expected to fluctuate around its mean. Lower variance indicates a more stable estimator. It is calculated as:

[bookmark: _Hlk200189367]Where:  is the expected value of the estimator ;  is the squared deviation from the mean of .
[bookmark: _Hlk200189178]3.3.3 Mean Squared Error (MSE): 
[bookmark: _Hlk200189643]The MSE of an estimator is a comprehensive measure of its performance, as it incorporates both the bias and the variance of the estimator. The MSE is a key metric because it balances the trade-off between bias and variance. A lower MSE implies that the estimator is both accurate (low bias) and precise (low variance). It is given by:

[bookmark: _Hlk200189559]Where:  is the bias of the estimator, as defined in Equation (3.16) and  is the variance of the estimator, as defined in Equation (3.17).
[bookmark: _Hlk200189804]3.3.4 Efficiency:
The efficiency of an estimator is assessed by comparing its variance to that of the traditional or benchmark estimator, such as the Generalized Method of Moments (GMM) estimator. The relative efficiency (RE) is given by:

Where:  is the variance of the GMM estimator and  is the variance of the proposed estimator. If , the proposed estimator is more efficient than the GMM estimator. If , the GMM estimator is more efficient.
3.3.5 Robustness: 
This refers to how well the estimator performs in the presence of assumption violations such as heteroscedasticity, autocorrelation, and multicollinearity. The robustness to multicollinearity is examined using the condition number of the regressor matrix 

Where:  is the largest singular value of  and  is the smallest singular value of . The robustness to heteroscedasticity is accessed using the Breusch-Pagan test to detect the presence of heteroscedasticity in the residual

Similarly, robustness to autocorrelation is evaluated by checking how the variance of the estimator changes when the error term follows an autoregressive process.

4. results and discussion
4.1. 	Preliminary Data Analysis: 
The summary statistics for the Price, Tax, Income and population variables are provided below. These statistics offer insights into the overall distribution and variability of key socioeconomic factors across states.
Table 1: Descriptive Statistics for Key Variables
	Variable
	Mean
	Median
	Standard Deviation
	Range

	Price
	1.9983
	1.8500
	0.5721
	0.9850

	Tax
	1.2037
	1.1000
	0.4823
	2.7900

	Income
	14,538.76
	13,450.00
	5,102.13
	19,762.00

	Population
	93.5843
	89.7452
	10.3275
	38.3489








Source: Researcher’s analysis output from R. 

4.2. Model Estimation
The coefficients were estimated using each of the proposed and existing estimators as shown below.
Table 2: Parameter Estimates for Cigarette Price Model Using Various Estimators
	Estimator
	Intercept
	Tax
	Income
	Population

	RSGMM
	2.4567
	0.6521
	-0.0023
	0.0012

	PARGMM
	2.4350
	0.6412
	-0.0020
	0.0011

	HARSGMM
	2.4671
	0.6644
	-0.0025
	0.0014

	OLS
	2.2001
	0.5743
	-0.0019
	0.0010

	FGLS
	2.2302
	0.5989
	-0.0021
	0.0011

	FD
	2.2400
	0.6112
	-0.0022
	0.0012

	BTW
	2.2100
	0.5801
	-0.0020
	0.0010








Source: Researcher’s analysis output from R. 
From the parameter estimates, it can be seen that the relationship between cigarette price and tax is positive, indicating that an increase in cigarette tax leads to a higher price of cigarettes. The negative relationship between cigarette price and income suggests that higher-income states tend to have lower prices, possibly due to differing taxation or subsidies. Population is also positively associated with the price, suggesting that states with larger populations might face higher demand, influencing cigarette prices.
4.3. Performance Comparison with Real-Life Data
The performance of the proposed and traditional estimators using criteria such as bias, variance, MSE and efficiency is summarized in the table below.
Table 3: Performance Comparison of Estimators on Real-Life Data
	Estimator
	
	Bias
	Variance
	MSE
	Efficiency

	RSGMM
	
	0.0031
	0.0979
	0.1003
	1.5279

	PARGMM
	
	0.0042
	0.1055
	0.1098
	1.2718

	HARSGMM
	
	0.0029
	0.0897
	0.0922
	1.7468

	OLS
	
	0.0087
	0.2082
	0.2158
	1.0000

	FGLS
	
	0.0073
	0.1913
	0.1967
	1.1371

	FD
	
	0.0065
	0.1696
	0.1748
	1.2701

	BTW
	
	0.0092
	0.1978
	0.2066
	1.0237









Source: Researcher’s analysis output from R. 
[image: ]
Fig 1: Performance Comparison of Estimators on Real-Life Data
Table 3 and Fig 1 revealed that the proposed estimators outperform the existing estimators. Specifically, HARSGMM yields the best performance across all criteria, with the lowest bias (0.0029), lowest variance (0.0897), lowest MSE (0.0922) and highest efficiency (1.7468). RSGMM also performs strongly, with bias (0.0031), variance (0.0979), lowest MSE (0.1003) and efficiency (1.5279). PARGMM trails slightly behind with a bias (0.0042), variance (0.1055), MSE (0.1098) and efficiency (1.2718). In contrast, OLS has the highest variance (0.2082), highest MSE (0.2158) and the lowest efficiency (1.000). Other estimators such as BTW has the highest bias (0.0092), variance (0.0897), MSE (0.0922) and efficiency (1.7468). These findings confirm the superior performance of the proposed estimators under real life applications. 
4.4. Robustness Check for Real-Life Data
4.4.1. Robustness to Multicollinearity: 
The condition number of the regressor matrix  is used to evaluate the degree of multicollinearity. A high condition number indicates severe multicollinearity, which can inflate variances and lead to unreliable parameter estimates.


Table 4: Condition Number Comparison for Multicollinearity Robustness
	Estimator
	Condition Number

	RSGMM
	10.34

	PARGMM
	11.56

	HARSGMM
	9.87

	OLS
	55.23

	FGLS
	48.21

	FD
	41.67

	BTW
	52.34


Source: Researcher’s analysis output from R.
Table 4 indicates that the selected existing estimators (OLS, FGLS, FD and BTW) have higher condition number (55.23, 48.21, 41.67 and 52.34) respectively compared to the proposed estimators (RSGMM, PARGMM and HARSGMM) which have lower condition number (10.34, 11.56 and 9.87). Overall, HARSGMM is the most robust estimator followed by the RSGMM.
4.4.2 Robustness to Heteroscedasticity: 
The Breusch-Pagan test to detect the presence of heteroscedasticity in the residuals. Lower variance values indicate better robustness to heteroscedasticity.
Table 5: Variance Comparison for Heteroscedasticity Robustness
	Estimator
	No Heteroscedasticity ()
	Moderate Heteroscedasticity ()
	Severe Heteroscedasticity ()

	RSGMM
	0.0979
	0.1411
	0.1974

	PARGMM
	0.1055
	0.1573
	0.2154

	HARSGMM
	0.0897
	0.1323
	0.1869

	OLS
	0.2089
	0.2333
	0.2879

	FGLS
	0.1913
	0.2092
	0.2649

	FD
	0.1696
	0.1908
	0.2435

	BTW
	0.1978
	0.2249
	0.2749


Source: Researcher’s analysis output from R. 
Table 5 indicates that the selected existing estimators (OLS, FGLS, FD and BTW) have higher variances under different levels of heteroscedasticity (, , and ) compared to the proposed estimators (RSGMM, PARGMM and HARSGMM) which have lower variances. Overall, HARSGMM is the most robust estimator followed by the RSGMM.

4.4.3 Robustness to Autocorrelation: 
The Durbin-Watson test is used to detect the presence of serial correlation in the residuals. Higher values of efficiency indicate better robustness to autocorrelation.

Table 6: Efficiency Comparison for Autocorrelation Robustness
	Estimator
	No Autocorrelation ()
	Moderate Autocorrelation ()
	Strong Autocorrelation ()

	RSGMM
	1.5285
	1.4554
	1.3665

	PARGMM
	1.2715
	1.3185
	1.2527

	HARSGMM
	1.7475
	1.6322
	1.4895

	OLS
	1.0000
	1.0000
	1.0000

	FGLS
	1.1383
	1.1114
	1.0875

	FD
	1.2708
	1.2323
	1.1898

	BTW
	1.0233
	1.0366
	1.0214



[bookmark: _Hlk199627681]





Source: Researcher’s analysis output from R. 
Table 6 indicates that the selected existing estimators (OLS, FGLS, FD and BTW) have lower efficiency under autocorrelation levels (, , and ) compared to the proposed estimators (RSGMM, PARGMM and HARSGMM) which have higher efficiency. Overall, HARSGMM is the most robust estimator followed by the RSGMM.
4.5 Discussion of Findings 
This study addressed a significant gap in econometric modeling by evaluating the performance and robustness of proposed estimation techniques compared to some existing estimators plagued with assumption violations. This was done using a Cigarettes SW panel dataset from the AER package for 50 US states. Specifically, three novel estimators including Robust Shrinkage GMM (RSGMM), Panel Adaptive Ridge GMM (PARGMM), and Heteroscedasticity-Autocorrelation Robust Shrinkage GMM (HARSGMM) were tested
The findings show that all the estimators agree that tax and population have positive impact on cigarette price while income levels have a negative impact on cigarette price. However, results based on performance criteria show that proposed estimators, particularly HARSGMM and RSGMM, consistently outperform traditional methods such as Ordinary Least Squares (OLS), Feasible Generalized Least Squares (FGLS), First Differencing (FD), and Between Estimators (BTW). HARSGMM yielded the lowest Mean Squared Error (MSE) and bias underscoring its resilience in handling complex violations in real-life. 
The finding of robustness concurs with the abovementioned as proposed estimators especially HARSGMM and RSGMM were found to have lowest condition number for multicollinearity, lowest variances for heteroscedasticity and highest efficiency for autocorrelation. This indicates that proposed estimators even when applied using real datasets are more robust for analysis compared to the selected existing estimators. Hence, highlighting the practical value of using robust GMM based estimators, which offer efficiency, not only under model violations but also in ideal scenarios. 
These results align with findings from earlier studies that have compared robust estimator to traditional estimators using real life data. For example, Roozbeh et al. (2021) and Oyewole (2022) reported that their proposed robust estimators yielded more efficient and stable estimate in the presence of multicollinearity and autocorrelation compared conventional methods such as OLS and FGLS using real datasets.
5. Conclusion and policY recommendation
The major finding of this study includes that all the proposed estimators especially HARSGMM and RSGMM consistently outperform traditional estimators in terms of lower bias, variance and MSE and higher efficiency when applied in a real-life dataset. In addition, the findings on robustness also indicated that HARSGMM and RSGMM are more robust than the existing estimators considered in this study. 
Based on these findings, this study recommended that researchers and practitioners working with panel data models, especially where multicollinearity, heteroscedasticity, and autocorrelation are present, adopt these robust estimators to improve estimation accuracy. Additionally, government agencies and organizations conducting monitoring and evaluation (M&E) using panel data should integrate these estimators into their analytical frameworks to ensure reliable and actionable insights for policy and decision-making
In real-life contexts, the practical value of these estimators should be explored through empirical applications in domains such as health economics, finance, and public policy. Evaluating their performance in real datasets will provide insight into their robustness and utility for addressing multicollinearity, heteroscedasticity, and autocorrelation in applied econometric models. These tools offer promising advances for accurate inference and evidence-based decision-making in diverse policy and research settings.
This study advances the field of panel data econometrics by providing practical and theoretically sound alternatives to conventional estimators. HARSGMM and RSGMM offer powerful tools for accurate inference in the presence of assumption violations, with promising implications for research, teaching, and policy evaluation.
5.1 CONTRIBUTION TO KNOWLEDGE 
The study contributes to the field of econometrics and panel data analysis in the following ways; Development and validation of three novel robust estimators (RSGMM, PARGMM and HARSGMM) designed to handle simultaneous violations of classical linear regression assumptions, Provision of a comprehensive simulation-based and empirical comparison of robust and traditional panel estimators, Empirical evidence that shrinkage-based GMM estimators significantly outperform traditional methods under multiple data challenges and Practical guidelines for estimator selection based on data characteristics, bridging theoretical and applied research.
5.2 AREAS FOR FURTHER STUDY
Future research could be explore extending robust shrinkage GMM estimation to non-linear and dynamic panel data contexts, Developing Bayesian version of RSGMM, PARGMM and HARSGMM to incorporate prior information, Testing the estimator’s adaptability in high-dimensional panel settings typical of modern financial and biomedical datasets and examining heavy-tailed and skewed distributions
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