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Abstract:  
High-dimensional regression methods often have many correlated predictors, which makes them prone to overfitting, to 

having unstable estimates of the regression coefficients, and to making unreliable selections of the predictors, especially 

when data includes outliers or influential observations. In this study, adaptive penalization methods were studied for 

robust variable selection in progressively contaminated regression. A comparison of ridge regression, LASSO, Elastic 

Net, Adaptive LASSO, and Robust Adaptive LASSO was made using the prediction, sparsity and robustness criteria. The 

models were tested with controlled contamination of 0%, 5%, 10%, 15% and 20% to prove the stability of the models 

under increasingly harsh conditions. The predictive accuracy was measured by root mean squared error (RMSE), mean 

absolute error (MAE) and R2 values, and the sparsity of the model was evaluated based on the number of predictors 

selected. Under these conditions, the data was uncontaminated, and Ridge regression gave the smallest RMSE while 

Adaptive LASSO gave the sparsest model. But the more contaminated the data, the more stable Robust Adaptive LASSO 

was compared to the other estimators. Its RMSE showed only a 10.27% rise, and R2 showed an 8.56% decrease, when 

the contamination level was increased from 0% to 20%. The strong adaptive model only selected 14 predictors at the 

maximum level of contamination, whereas the LASSO and Elastic Net models selected 66 and 74 variables, respectively. 

 

Keywords: high-dimensional regression; robust variable selection; adaptive penalization; Elastic Net; Huber loss 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://oapub.org/edu/index.php/ejes
http://oapub.org/edu/index.php/ejes


Volume-10 | Issue-03 | September 2024  33 

1. Introduction 

In scientific, engineering, biomedical and computational applications, data dimensionality has grown rapidly, making the 

need to manage potentially large numbers of relevant predictors. High-dimensional regression involves many explanatory 

variables that can be as large as or greater than the number of observations, which poses significant challenges in the form 

of multicollinearity, overfitting, unstable estimation of the regression coefficients and poor generalization. Conventional 

regression methods are especially susceptible in this situation as having redundant predictors can result in unreliable 

parameter estimates and interpretation problems. In the context of high-dimensional statistical modeling, which aims at 

prediction and at the same time extracting a parsimonious subset of informative variables, the sparse regression and 

variable selection have emerged as central challenges (Wang et al., 2020; Stokell & Shah, 2022; Cao et al., 2023). 

A good solution to these issues is penalized regression, which helps to control model complexity and stabilize estimation. 

At present, the least absolute shrinkage and selection operator (LASSO) is the most widely used, which automatically 

selects variables by shrinking weak regression coefficients exactly to zero. Extensions of LASSO have been suggested to 

enhance performance in the case of highly correlated predictor variables or variable importance varying significantly 

across features (Xi et al., 2023; Żogała-Siudem & Jaroszewicz, 2024). Elastic Net is a hybrid combination of L1 and L2 

regularization and may be useful to obtain stability in highly correlated predictor structures; adaptive forms of the 

regularization enable different levels of penalization to be applied to each individual regression coefficient. With recent 

advances, it is shown that adaptive Elastic Net and structured sparse penalties are useful in high-dimensional estimation 

and process modeling (Kim et al., 2024; Wang et al., 2024). 

However, these benefits, however, do not alleviate the widespread use of conventional penalized regression procedures 

that are often very sensitive to outliers, heavy-tailed errors, influential observations, and contaminated data, as they 

typically use squared-error loss. A small number of atypical observations can have a large influence on the regression 

surface drawn, the magnitude of the coefficients, and the number of predictors included in the regression or number of 

predictors excluded from the regression that are informative. This problem is exacerbated in high-dimensional data, where 

contamination and predictor redundancy can cause variable-selection instability to be greatly magnified. Strong regression 

techniques have, therefore, become a significant application of sparse modeling, and recent works have focused on 

combining robustness and regularization for robust estimation with non-ideal data (Amato et al., 2021; Filzmoser & 

Nordhausen, 2021). 

Strong loss functions are used to minimize the impact of very large residuals. This Huber-type estimation is especially 

appealing as it acts like squared-error loss when the residuals are small but minimizes the influence of large residuals 

when they are large. Robust loss functions can significantly increase the stability of estimation under violations of the 

Gaussian assumption, with the adaptive Huber regression showing in theory as well as in practice good properties when 

heavy-tailed and/or heterogeneous error distributions are present (Sun et al., 2020). Concurrently, variable selection is a 

different challenge since being robust does not guarantee sparseness. In the case of ultra-high-dimensional data, where the 

dimension of the data poses a challenge for feature recovery, methods are needed that can address the contaminating 

effects as well as identify relevant predictors (Bai et al., 2021). 

An alternative method for improving variable selection consistency, though, is to use adaptive penalization, which shrinks 

differently for each predictor. Weak or irrelevant predictors could be treated with higher shrinkage, while relatively 

stronger penalties could be imposed on important variables. But these techniques are very sensitive to the choice of the 

regularization and the tuning parameter(s). The choice of penalty parameters could lead to underdense or overdense 

models that could decrease the accuracy of the prediction and interpretability (Wu & Wang, 2020; Biziaev et al., 2025). 

In addition, the computerization of penalized path algorithms has brought attention to the need for efficient optimization, 

especially when the number of candidate predictors is large (Takahashi & Nomura, 2024). 

The accuracy of inference and ranking of variables once they have been selected is another important point to consider. 

High-dimensional procedures need to be able to detect true signals from spurious associations and have consistent 

predictive performance in different data structures. This recent literature, focusing on sufficient variable selection and 

sparsified inference, has continued to highlight the ongoing need for procedures balancing dimensionality reduction, 

uncertainty and model stability (Wang et al., 2025; Zhu et al., 2025). All these factors indicate that testing penalized 

methods in a "clean data" setting may give a partial picture of their reliability as a practical tool. 

Based on this, the present study explores the robustness of adaptive estimation of the regression parameters in high-

dimensional regression settings using a combination of adaptive penalization and robust estimation and assesses 

performance in progressively contaminated situations. Conventional and adaptive penalized estimators are compared in 

clean and contaminated settings, with a focus on the performance of both in terms of predictive accuracy. 

 Objectives: 

⚫ To evaluate penalized, adaptive penalized and robust adaptive regression techniques on contaminated data in a 

high-dimensional setting under increasing data contamination rate. 

⚫ To compare the predictive ability, sparsity and stability of variable selection of the various estimators using 

RMSE, MAE, R2 and performance measures based on variable selection. 

⚫ To see if the combination of strong loss functions and adaptive penalization is more resistant to outliers and 

contamination than the traditional LASSO, Elastic Net and adaptive penalized methods. 

 

 

 

 

2. Methodology 
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2.1 Research Design 

In this study, a robust variable selection approach for high-dimensional regression with contaminated data was considered, 

and a quantitative computational design was used to assess the performance of the method. The paper made a comparison 

study on the conventional penalized regression, adaptive penalization and robust adaptive penalization methods with the 

Superconductivity Data Set. The study analyzed the performance of the various regression estimators in terms of 

prediction error, stability of the coefficients and variable selection ability for different contamination levels. 

2.2 Dataset Description 

This study is based on the Superconductivity Data Data Set with 21,263 observations of superconducting materials. There 

are 81 numerical predictor variables and 1 continuous dependent variable, critical_temp, in train.csv. The predictors are 

the physicochemical properties of atoms like atomic mass, ionization energy, atomic radius, density, electron affinity, 

fusion heat, thermal conductivity, and valence. The elemental-composition variables, the critical temperature and the 

material identifier are provided with the accompanying unique_m.csv file. Critical_temp was regarded as the response 

variable (Tunguz, 2021) due to it being continuous.  

2.3 Data Preprocessing 

The data sets were matched by the observations and critical-temperature values found in each of the two data sets. The 

textual material variable was not included in numerical modeling and only one copy of critical_temp was kept. Those 

predictors that had no variance were excluded. All other variables were checked for missing values, infinite values, 

duplicates and extreme values. Numerical predictors were z-scored to standardize them to make them comparable across 

variables that are measured on different scales. 

2.4 High-Dimensional Regression Framework 

The regression model was expressed as: 

𝑦 = 𝑋𝛽 + 𝜀, 
where y is critical temperature, X is the predictor matrix, β is regression coefficients and ε is the random errors. In order 

to explore the truly high-dimensional condition, experimental subsets were developed for which the number of predictors 

came close to or surpassed the number of observations. Thus, various combinations of sample sizes were explored to 

represent p<n and p>n conditions.  

2.5 Contamination Design 

The levels of controlled contamination were 0,5,10,15 and 20%. The baseline data set was 0%, which was a clean sample. 

Three types of contamination were explored: response contamination  extreme deviations added to the dependent variable; 

predictor contamination high-leverage observations added to selected predictors; combined contamination – high-leverage 

observations added to selected predictors and extreme deviations added to the response variable. This design allowed for 

the evaluation of model robustness with increased contamination levels. 

2.6 Penalized Regression Methods 

Ridge regression, LASSO, and Elastic Net were used to represent the conventional penalized regression methods in the 

study. For ridge regression, the shrinkage benchmark was employed, and for simultaneous coefficient estimation and 

variable selection, LASSO was employed. Elastic Net used L1and L2penalties and was included because it performs 

effectively when predictors are highly correlated. 

2.7 Adaptive Penalization 

Different penalty weights for individual predictors were determined by using Adaptive LASSO. The estimator was defined 

as: 

𝛽̂ = argmin
𝛽

[
1

2𝑛
∥ 𝑦 − 𝑋𝛽 ∥2

2+ 𝜆∑𝑤𝑗

𝑝

𝑗=1

∣ 𝛽𝑗 ∣], 

where wjrepresents predictor-specific adaptive weights. The recovery of important predictors received relatively smaller 

penalties, but weak predictors received stronger penalties which improved the sparse variable recovery.  

2.8 Robust Adaptive Penalization 

Therefore, Huber loss was used with adaptive L1penalization to be robust against outliers and contaminated observations. 

The powerful adaptive estimator was formulated as: 

𝛽̂ = argmin
𝛽

[
1

𝑛
∑𝜌𝛿

𝑛

𝑖=1

(𝑦𝑖 − 𝑥𝑖
𝑇𝛽) + 𝜆∑𝑤𝑗

𝑝

𝑗=1

∣ 𝛽𝑗 ∣] 

While giving an efficient estimate for regular observations, the Huber loss is designed to be robust to large residuals. 

Ridge, LASSO, Elastic Net, Adaptive LASSO, robust LASSO, and robust adaptive penalization were the final 

comparisons.  

2.9 Model Training and Parameter Selection 

80% of the data was used to train, and 20% of the data was used to test the model. Predictor standardization and parameter 

estimation were done in the training set only to avoid information leakage. The penalty parameter, λ, as well as other 

tuning parameters, were chosen with 10-fold cross-validation. The final models were then tested with an independent test 

set. 

Root mean squared error (RMSE), mean absolute error (MAE), and R2. were used to evaluate the predictive performance. 

Sensitivity, specificity, precision, recall, false discovery rate, and F1-score were used to assess the variable-selection 
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performance. The number of predictors selected was also noted and assessed for sparsity. In experimental tests with a high 

number of variables, the error in coefficient estimation was quantified by the average squared difference between the 

estimated and true regression coefficients. 

2.11 Robustness and Sensitivity Analysis 

The results of modeling were compared with various sample sizes, dimensional settings, contamination mechanisms and 

contamination percentage. The robustness was assessed by measuring the degradation in prediction and variable-selection 

performance with contaminating levels. Further sensitivity analyses were performed with other random partitions and 

tuning parameters to confirm that the analysis results were not sensitive to any particular analytical configuration. 

2.12 Ethical Considerations 

A secondary numerical dataset with physicochemical data for superconducting materials was used for the study. No 

human, personal, clinical or animal data were included in the dataset. Thus, informed consent and institutional ethical 

approval were not necessary. The dataset was used solely for academic and methodological research, and its source must 

be properly cited in the final text of the paper. 

 

3. Results 

3.1 Dataset Characteristics and Preliminary Assessment 

There were 21,263 observations in the final dataset for the superconductivity problem, with 81 numerical predictor 

variables and the continuous response variable critical_temp. Various statistical parameters of atomic mass, Ionization 

energy, atomic radius, density, electron affinity, fusion heat, thermal conductivity and valence were used as the predictors. 

The critical temperature was found to be between 0.00021 and 185.00 with a mean of 34.42 and a standard deviation of 

34.25. There were no missing values. In the preliminary screening, sixty-six identical records were found. 

There was a significant interdependence among predictors as indicated in Table 1. Seventy-four of the pairs of predictors 

had an absolute correlation greater than 0.90, and 30 pairs had an absolute correlation greater than 0.95. The high amount 

of predictor redundancy was an appropriate empirical context to test the performance of penalized variable selection 

methods. 

Table 1. General characteristics of the Superconductivity Data Set 

Characteristic Result 

Number of observations 21,263 

Number of candidate predictors 81 

Response variable Critical temperature 

Mean critical temperature 34.42 

Standard deviation 34.25 

Minimum critical temperature 0.00021 

Median critical temperature 20.00 

Maximum critical temperature 185.00 

Missing observations 0 

Exact duplicate records 66 

Predictor pairs with absolute correlation > 0.90 74 

Predictor pairs with absolute correlation > 0.95 30 

 

A correlation analysis also revealed a strong correlation between the critical temperature and several thermal-conductivity, 

atomic-radius and valence-related variables. The best individual correlation was for the weighted standard deviation of 

thermal conductivity, r=0.721. The comparatively strong correlation of 0.688 was obtained for the range of thermal 

conductivity and 0.654 for range of atomic radius. The 10 predictors that have the highest absolute correlations to critical 

temperature are shown in Figure 1. 
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Figure 1. Ten predictors showing the strongest absolute correlations with superconducting critical temperature 

 

3.2 Model Performance Under Uncontaminated Data 

The performance at 0% contamination was used as the baseline for evaluating subsequent robustness. Table 2 shows the 

test-set results for the five regression methods. The model with the lowest baseline RMSE was the Ridge regression model 

with an RMSE of 17.45 and the highest R2 of 0.736. The robust adaptive LASSO also proved to be competitive with an 

RMSE of 18.08, MAE of 13.59, an R2 of 0.716 and only 36 predictors. 

LASSO obtained an R2 value of 0.693, and Elastic Net obtained an R2 value of 0.702. Under clean data, Adaptive LASSO 

yielded the sparsest solution, keeping only 16 variables and the largest RMSE (19.86). 

 

Table 2. Predictive performance under the uncontaminated condition 

Method RMSE MAE 𝐑𝟐 Predictors selected 

Ridge 17.447 13.246 0.736 81 

LASSO 18.796 14.557 0.693 25 

Elastic Net 18.516 14.224 0.702 36 

Adaptive LASSO 19.864 15.561 0.657 16 

Robust Adaptive LASSO 18.083 13.588 0.716 36 

 

The baseline results show the typical prediction–sparsity trade-off. Ridge regression had the best pure predictive 

performance and was able to use all available predictors. The penalized (regularized) selection procedures yielded far 

more sparse models, however. The baseline RMSE values in Figure 2 are shown and it is noted that robust adaptive 

LASSO was comparable to Ridge and provided significant dimensional reduction. 

 
Figure 2. Baseline test-set RMSE of the competing penalized regression methods under 0% contamination 
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3.3 Effect of Increasing Data Contamination 

The higher the contamination, the worse the prediction was for all regression techniques. However, the amount of 

deterioration was quite variable among the estimators. Ridge regression RMSE increased from 17.45 when clean data was 

used to 20.80 when 20% contamination was used, as seen in Table 3. LASSO increased from 18.80 to 20.96, while Elastic 

Net increased from 18.52 to 20.88. 

The comparatively small deterioration at higher levels of contamination was seen in the robust adaptive LASSO. Its RMSE 

increased from 18.08 under uncontaminated data to 19.16 at 5%, 19.23 at 10%, 19.60 at 15%, and 19.94 at 20% 

contamination. It performed best among the variable-selection estimators at 10%, 15% and 20% contamination levels. 

 

Table 3. RMSE across increasing levels of combined contamination 

Method 0% 5% 10% 15% 20% 

Ridge 17.447 19.114 19.513 19.804 20.796 

LASSO 18.796 19.530 19.789 20.110 20.955 

Elastic Net 18.516 19.314 19.637 19.963 20.881 

Adaptive LASSO 19.864 21.349 21.308 22.484 23.627 

Robust Adaptive LASSO 18.083 19.156 19.234 19.597 19.939 

 

This was also true for explained variance. As indicated in Figure 3, R2 decreased with increasing contamination, with the 

adaptive model being quite stable in providing predictions at the highest contamination levels. Under 20% contamination, 

robust adaptive LASSO maintained an R2 value of 0.655, while conventional LASSO, Elastic Net and Adaptive LASSO 

had R2 values of 0.619, 0.621 and 0.515, respectively.  

 
Figure 3. Change in test set R2across contamination levels for the competing regression methods 

 

3.4 Robustness to Severe Contamination 

The proportional decrease from 0% to 20% contamination was also computed as a measure of robustness. Table 4 shows 

that robust adaptive LASSO achieved the minimum RMSE, and the RMSE increased by about 10.27%. The other methods 

were: Conventional LASSO (11.48% increase), Elastic Net (12.77% increase), Adaptive LASSO (18.94% increase), and 

Ridge (19.20% increase). The adaptive estimator also had the smallest proportional decrease in R2 (around 8.56%), 

demonstrating the advantage of having the adaptive penalization and robust weighting of the residuals combined in 

reducing sensitivity to heavily contaminated observations. 

 

Table 4. Performance deterioration from 0% to 20% contamination 

Method RMSE increase (%) MAE increase (%) 𝐑𝟐decline (%) 

Ridge 19.20 24.52 15.13 

LASSO 11.48 14.28 10.76 

Elastic Net 12.77 16.49 11.53 

Adaptive LASSO 18.94 22.07 21.63 

Robust Adaptive LASSO 10.27 14.41 8.56 

 

The relative stability of RMSE under contamination conditions is also shown in Figure 4. This difference between the 

robust adaptive estimator and the conventional approaches was more pronounced as the level of contamination increased, 

especially above 10% contamination.  
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Figure 4. Test-set RMSE trajectories across 0%, 5%, 10%, 15%, and 20% contamination levels 

 

3.5 Variable Selection and Model Sparsity 

There were significant model differences in the number of predictors selected. For the 81 predictors, ridge regression did 

not remove any of the predictors for any contamination level. In the clean condition, 25 predictors were selected by Lasso, 

whereas the number jumped to 66 when the condition was 20% contaminated. Likewise, Elastic Net went from 36 

predictors to 74. 

By contrast, strong adaptive LASSO became increasingly selective with higher percentages of contamination, selecting 

36 predictors for the clean condition, 25 for 5% contamination, 18 for 10% contamination, 16 for 15% contamination, and 

14 for 20% contamination. This behavior suggests that the powerful adaptive penalty was able to stop the unstable 

predictors generated by contaminated observations from being included. Table 5 shows the number of predictors retained 

across contamination levels. 

 

Table 5. Number of predictors retained across contamination levels 

Method 0% 5% 10% 15% 20% 

Ridge 81 81 81 81 81 

LASSO 25 58 60 65 66 

Elastic Net 36 68 71 75 74 

Adaptive LASSO 16 10 10 10 11 

Robust Adaptive LASSO 36 25 18 16 14 

 

Conventional LASSO and Elastic Net have a higher number of predictors that are kept when there is contamination, 

indicating the presence of anomalous observations that add additional unstable signals to the regression structure. In 

contrast, powerful adaptive penalties kept the sparsity well preserved. The number of selected predictors is summarized 

graphically in Figure 5 by condition of contamination. 

 
Figure 5. Number of predictors selected by each regression method across increasing contamination levels 
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3.6 Predictors Identified by Robust Adaptive Penalization 

The inspection of the clean-data robust adaptive LASSO coefficients showed that the atomic radius, thermal conductivity, 

electron affinity, ionization energy, valence, and atomic mass features played a major role in the model. The most 

significant standardized coefficient was seen for wtd_mean_atomic_radius, followed by wtd_mean_ThermalConductivity 

and std_ElectronAffinity. 

The highest positive and negative coefficients are presented in Table 6. The relative predictive importance of these 

coefficients should be seen more as an indication of which coefficients to trust in the standardized penalized model than 

as individual causal effects, since many of the material properties are strongly correlated. 

 

Table 6. Leading predictors retained by robust adaptive LASSO under uncontaminated data 

Predictor 
Standardized 

coefficient 
Direction 

wtd_mean_atomic_radius 0.600 Positive 

wtd_mean_ThermalConductivity 0.578 Positive 

std_ElectronAffinity 0.564 Positive 

wtd_entropy_atomic_radius 0.554 Positive 

range_fie 0.530 Positive 

wtd_gmean_atomic_radius -0.510 Negative 

range_ElectronAffinity -0.486 Negative 

wtd_gmean_ElectronAffinity -0.472 Negative 

std_fie -0.443 Negative 

wtd_gmean_ThermalConductivity -0.440 Negative 

wtd_entropy_Valence -0.349 Negative 

wtd_mean_atomic_mass -0.345 Negative 

 

The results suggest conventional penalized regression was reasonable in the absence of contamination and that it was 

more sensitive to the data contamination. As contamination levels increased, robust adaptive LASSO achieved the best 

compromise between stability and sparsity. The RMSE did not change significantly from clean to 20% contamination 

conditions (10.27%), and the R2 only decreased by 8.56%. The results are consistent with the idea of using strong adaptive 

penalization for variable selection when the regression structure at high dimensions is influenced by influential or 

contaminated observations. 

 

4. Discussion 

In this study, we compared the performances of the conventional penalized regression, adaptive penalization and robust 

adaptive penalization in progressively contaminated high-dimensional settings. The results showed that there was a clear 

trade-off between the accuracy of prediction, the sparsity and the resistance to contamination. In uncontaminated data, 

Ridge regression performed best in predicting, while the robust adaptive LASSO was a close runner-up and resulted in a 

significantly sparser model. As the contamination level rose, however, the importance of the strong adaptive strategy 

became more apparent. The results showed that for 20% contamination, the robust adaptive LASSO had the smallest 

RMSE increase and the smallest R2 loss, suggesting that using an adaptive shrinkage and robust loss function can better 

withstand the effect of outlying observations than the regular LASSO. 

This result mirrors the wider results on robust sparse estimation that have been reported repeatedly in the literature, which 

demonstrate that squared-error penalization is very sensitive to the atypical observations. When dimension is high, robust 

variable-selection approaches are developed to minimize the impact of contaminated cases while maintaining sparse 

support recovery (Chatla & Mandal, 2026; Wang & Karunamuni, 2022). The stability of the robust adaptive estimator 

under 10%, 15% and 20% contamination observed does support the view that robustness should also be built into the 

objective function and not just be a post-estimation diagnostic. 

One of the results is especially consistent with the rationale of the use of strong Adaptive LASSO methods. As 

contamination increased, the number of variables selected by conventional LASSO and Elastic Net models increased 

indicating that the selected variables were spurious predictors added to the models as contamination levels rose. In 

contrast, the powerful adaptive LASSO was less selective with fewer contaminants, finally including only 14 predictors 

at the most contaminated level. The pattern is similar to that of the desired stability of the estimated coefficients in a robust 

adaptive penalization by both instability suppressing weights and resistant loss function, in which the predictor weights 

and loss function are both adaptive to the presence of contaminated observations (Machkour et al., 2020). These results 

are consistent with those of adaptive robust estimators where Elastic Net-type penalties are added to resistant regression 

procedures such as robust regression, especially in scenarios where the predictors are correlated and there are influential 

observations (Kepplinger, 2023). 

The positive outcomes for the Huber framework also align with the findings that adaptive Huber regression is statistically 

efficient when observations are typically normal but can suppress the effect of large residuals (Fan et al., 2022). The 

importance of this property is that unconditional rejection of abnormal observations can result in the loss of valuable data, 

while a bounded-loss strategy allows abnormal observations to continue to influence the results, but to a lesser extent. The 
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smaller degradation found for the robust adaptive model is thus within a realistic range of statistical possibilities under 

the contamination scenario employed in the present study. 

The results also confirm the general rule that good variable selection is particularly crucial in the presence of contamination 

and high dimensionality. Multivariate predictor structures may allow cellwise contamination to propagate and cause 

selection decisions to be skewed even if a relatively small proportion of the values is contaminated (Su et al., 2024). 

Similarly, strong theory of features suggests that the problem of sparse recovery is significantly harder under contaminated 

samples when coefficient estimation and support identification are affected by the contamination (Maurya et al., 2026). 

The present results confirm this concern as demonstrated by the fact that the conventional selection methods kept many 

more variables as the level of contamination increased, while the strong adaptive estimator kept a relatively modest 

structure. 

The interpretation of heavy-tailed disturbances is another possible interpretation. Although sparse procedures are 

developed based on heavy-tailed errors, they tend to perform better than least-squares-based penalties when the 

distribution of the residuals is far from the Gaussian assumptions (Ye et al., 2022; Mai, 2026). This evidence is reflected 

in the current results, with the robust model being significantly less affected by increasing levels of contamination. The 

related advances in robust Bayesian and quantile-based variable selection also suggest that the objective function for 

squared errors can be replaced with one that is more resistant to non-normal error distributions to enhance feature recovery 

(Nan et al., 2025). 

In high dimensional settings, model evaluation is also crucial as a confounding factor since the ability to predict can mask 

an unstable variable selection. There have therefore been proposed robust criteria for evaluating the behaviour of models 

when contaminated and when more complex, in terms of the dimensionality of the problem under consideration (Kurata 

& Hirose, 2025). In the current study, the combined information from RMSE, MAE, R2 and model sparsity was found to 

be more informative than any of the individual measures. However, the prediction error rose more rapidly for severe 

contamination in Adaptive LASSO, which produced very sparse solutions, meaning that too much sparsification can lead 

to a decrease in generalizability if there is not enough robustness. 

The computational results also show the significance of optimization and tuning. Initial estimates, adaptive weights, and 

penalty selection are important factors to consider for adaptive LASSO performance, and in high-dimensional 

applications, coordinate-based methods are sometimes necessary (Nasir et al., 2025). Strong selection criteria can also 

reduce bias toward sparsity and improve predictive power by ensuring that the observations which are contaminated by 

noise do not influence the selection process (Mandal & Ghosh, 2025). 

The overall results suggest that the regularization method works well when the contamination is relatively small, but it 

can be unstable with high contamination levels. The performance criteria of prediction, sparsity and contamination 

resistance were in favor of robust adaptive penalization, justifying its application in high-dimensional situations where 

outliers, leverage points or heavy-tailed errors may be present. 

 

5. Conclusion 

This work focused on the effectiveness of powerful variable selection in high-dimensional regression under progressively 

contaminated data (PCD) settings. The comparison showed that under uncontaminated conditions, conventional penalized 

regression methods work well, but became more sensitive as the contamination level increased. Ridge regression gave the 

highest baseline predictive performance but kept all of the predictors and thus had no sparse variable selection. LASSO 

and Elastic Net had larger sparsities, but as the contamination increased, so did the number of predictors selected, 

suggesting less stability. The overall performance of the robust adaptive LASSO was the best when evaluated for 

predictive accuracy, sparsity and resistance to contamination. The RMSE rose by merely 10.27% from the uncontaminated 

to the 20% contamination level; the decrease in R2 remained relatively small. The method had good stability with unstable 

or spurious variables, retaining just 14 predictors at the highest level of contamination. The results suggest that using 

strong loss functions and adaptation of predictor-specific penalty terms can significantly enhance the ability to select 

variables reliably in high-dimensional data with outliers, leverage points, or heavy-tailed disturbances. In general, adaptive 

penalization is a promising approach for obtaining parsimonious, stable and accurate regression models in high-

dimensional, complex contaminated settings. 
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  y = X 𝛽 + 𝜀 ,


    𝛽 ^ =  arg ⁡   min  𝛽  [  1  2 n ∥ y − X 𝛽  ∥ 2 2 + 𝜆   ∑  j = 1  p    w  j ∣   𝛽  j ∣ ] ,


    𝛽 ^ =  arg ⁡   min  𝛽  [  1  n   ∑  i = 1  n    𝜌  𝛿  (   y  i −   x  i  T 𝛽 ) + 𝜆   ∑  j = 1  p    w  j ∣   𝛽  j ∣ ]
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