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ABSTRACT 
This study investigates the effect of outliers on the performance of Ordinary Least Squares (OLS) and 
Robust Regression techniques using simulated data. A series of simulations was conducted under 
varying levels of outlier contamination (0%, 5%, 10%, 20%, and 30%) to evaluate model performance 
in terms of bias, Root Mean Square Error (RMSE), and the coefficient of determination (R²). Results 
showed that both methods performed efficiently with clean data, producing nearly unbiased slope 
estimates (−0.000815 for OLS and −0.000727 for Robust) and very low RMSE values (0.0124 for 
OLS and 0.0125 for Robust) with high explanatory power (R² = 0.971 for both). However, as 
contamination increased, OLS became highly unstable, with RMSE rising sharply from 0.0554 at 5% 
contamination to 0.116 at 30%, while R² dropped from 0.611 to 0.266. Robust Regression 
demonstrated greater stability, maintaining lower RMSE values (0.0140 at 5% and 0.0910 at 30%) 
and smaller bias across all levels. Nonetheless, its explanatory power declined more rapidly, with R² 
falling from 0.595 at 5% contamination to 0.207 at 30%. Overall, the findings highlight that OLS 
is efficient with clean data but highly sensitive to outliers, whereas Robust Regression provides more 
reliable estimates and lower error rates in contaminated datasets, albeit with reduced explanatory 
power.  
Key Words: Outliers, Ordinary Least Squares, Robust Regression, Bias, RMSE, R², Simulation 
Study 

 
INTRODUCTION 
Regression analysis is one of the most widely used 
statistical techniques for modeling relationships 
between variables. Ordinary Least Squares (OLS) 
regression, in particular, is popular due to its 
simplicity and efficiency under the classical 
assumptions of normality, independence, and 
homoscedasticity. However, OLS is highly sensitive 
to outliers, which can disproportionately affect 
parameter estimates, inflate error measures, and 
reduce the reliability of conclusions. In practical 

research, outliers often arise from measurement 
errors, data entry mistakes, or genuine extreme 
values, making it essential to evaluate methods that 
are more robust to such irregularities. Robust 
regression techniques have been developed as 
alternatives to OLS to reduce the influence of 
outliers and provide more stable estimates. 
Several studies have documented the limitations of 
OLS in the presence of outliers. Rousseeuw and 
Leroy (1987) provided a foundational discussion on 
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robust regression methods, emphasizing their ability 
to mitigate the effects of influential observations. 
Hampel et al. (1986) introduced M-estimators as a 
practical robust alternative. More recently, 
Maronna, Martin, and Yohai (2006) expanded on 
the theory of robust statistics, offering various 
approaches to improve model stability. Chen and 
Wei (2005) compared OLS with robust methods in 
econometric modeling, showing that robust 
estimators significantly outperform OLS under 
heavy-tailed distributions. Similarly, Wilcox (2012) 
highlighted the advantages of robust techniques in 
social and behavioral sciences, where data 
contamination is common. Simulation-based 
evaluations have also supported the superiority of 
robust methods. Heritier et al. (2009) applied robust 
regression in biomedical studies, demonstrating 
improved reliability in clinical trial analysis. Ma and 
Genton (2000) showed that least trimmed squares 
estimators performed well under severe 
contamination, outperforming OLS in both bias 
and mean square error. Staudte and Sheather (1990) 
emphasized that robust regression not only reduces 
sensitivity to outliers but also maintains efficiency in 
clean datasets. Croux and Haesbroeck (2003) 
compared different robust estimators and found 
MM-estimators to provide a strong balance between 
robustness and efficiency. Recent research has 
continued to refine robust methods and extend 
their application. Yu and Yao (2017) explored 
robust techniques in time series forecasting under 
structural breaks. Xu et al. (2019) applied robust 
regression to high-dimensional genomic data, 
showing effectiveness in handling extreme values. 
Gervini (2020) proposed adaptive robust estimators 
for functional data analysis. In finance, Chen and 
Chan (2021) evaluated robust regression for stock 
return modeling, confirming its ability to handle 
volatility-driven outliers. More recently, Wang and 
Li (2023) conducted a comparative study of OLS 
and robust methods under varying contamination 
levels, reporting similar findings that OLS performs 
well in clean data but fails with outliers. While 
robust regression methods have shown strong 
potential, future research could explore their 
application in big data and machine learning 
contexts, where high dimensionality and complex 
dependencies often magnify the effect of outliers. 
The integration of robust regression with penalized 
methods such as LASSO and Ridge could also be an 
area of interest. Moreover, evaluating the 
performance of robust regression in streaming data 

environments, where real-time detection of outliers 
is crucial, remains an open challenge. Finally, hybrid 
approaches that combine classical and robust 
techniques may provide a balance between 
explanatory power and resistance to contamination, 
making them useful for applied fields such as climate 
modeling, finance, and bioinformatics. 
This study differs by providing a systematic 
simulation-based comparison of OLS and Robust 
Regression across multiple contamination levels 
(0%–30%), with detailed evaluation using bias, 
RMSE, and R². By quantifying the exact impact of 
outliers on both methods and presenting clear 
numerical evidence, this research offers a more 
practical and comprehensive understanding of when 
Robust Regression should be preferred over OLS in 
applied statistical analysis. 
 
1. Methodology 
2.1 Data Generation and Simulation Design 
The study employed a simulation-based approach to 
assess the effect of outliers on regression techniques. 
A simple linear regression model was specified as 
Y=β0+β1X+ϵ, with parameters set at β0=3, 3β0=3 
and β1=2, 2β1=2. The predictor variable X was 
generated from a uniform distribution 
U(0,10)U(0,10)U(0,10), while the error term 
ϵ\epsilonϵ followed a normal distribution with 
mean zero and standard deviation of one. Outliers 
were introduced into the response variable YYY by 
replacing a proportion of randomly selected values 
with artificially inflated values. Contamination 
levels of 0%, 5%, 10%, 20%, and 30% were 
considered to evaluate the robustness of the 
regression methods under increasing data 
irregularities. Each scenario was replicated 1,000 
times to ensure stability and reliability of the results. 
 
2.2 Estimation Techniques 
Two regression approaches were compared: 
Ordinary Least Squares (OLS) and Robust 
Regression. OLS was selected as the classical 
benchmark method, known for its efficiency under 
ideal conditions but vulnerability to outliers. For 
robust estimation, the study used Huber’s M-
estimator, which down-weights the influence of 
extreme values and provides more stable coefficient 
estimates. Both models were fitted to the simulated 
datasets at each contamination level. The slope 
coefficient was the primary focus of comparison, as 
it directly reflects the sensitivity of the estimation 
process to deviations caused by outliers. 
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2.3 Performance Evaluation 
Model performance was assessed using three 
statistical measures: bias, Root Mean Square Error 
(RMSE), and the coefficient of determination (R²). 
Bias was calculated as the difference between the 
estimated and true slope values, indicating the 
accuracy of the parameter estimates. RMSE was used 
to measure estimation error and assess predictive 
accuracy across repeated simulations. R² was 
computed to evaluate explanatory power, reflecting 
the proportion of variance in the response variable 
explained by the fitted models. These metrics were 
summarized for each contamination level, allowing 
a direct comparison between OLS and Robust 
Regression in terms of efficiency, stability, and 
reliability under different outlier conditions. 
 
3. RESULT 
Table 3.1 presents the bias estimates for the slope 
coefficient under different levels of outlier 
contamination in the data. At 0% contamination, 
both Ordinary Least Squares (OLS) and Robust 
Regression yield nearly unbiased estimates, as 
reflected by values close to zero (−0.000815 for OLS 
and −0.000727 for Robust). This indicates that in 
the absence of outliers, both methods perform 
equally well. When 5% contamination is 
introduced, OLS shows a slight positive bias 
(0.000667), whereas the Robust method maintains 
an almost negligible bias (−0.0000708), suggesting 
greater resistance to distortion. At 10% 
contamination, OLS bias increases to 0.00333, 
while Robust Regression remains closer to zero 
(0.000243), again highlighting its stability. With 

20% contamination, OLS bias turns negative 
(−0.00421), while the Robust approach continues to 
show minimal deviation (−0.000232). Finally, at the 
highest contamination level of 30%, OLS bias 
remains positive (0.00289), while the Robust 
method maintains a small value (0.00104). Overall, 
these results demonstrate that although OLS is 
efficient in clean data, it becomes increasingly 
unstable in the presence of outliers, whereas Robust 
Regression consistently produces slope estimates 
with negligible bias across all contamination levels. 
 
Table 3.1: Bias Comparison of OLS and Robust 
Regression 

 Contamination(%) OLS_Bias Robust_Bia 
1 0 -0.000815 -0.000727 
2 5 0.000667 -0.0000708 
3 10 0.00333 0.000243 
4 20 -0.00421 -0.000232 
5 30 0.00289 0.00104 

   
Figure 3.1 illustrates the effect of outlier 
contamination on the bias of slope estimates for 
OLS and Robust Regression. The OLS method 
shows noticeable fluctuations in bias as 
contamination increases, reflecting its sensitivity to 
extreme values. By contrast, Robust Regression 
consistently maintains bias close to zero, even when 
up to 30% of the data are contaminated. This 
demonstrates that Robust Regression provides more 
stable and reliable parameter estimates under non-
ideal data conditions.

 

 



 Volume 3, Issue 8, 2025 
 

  

https://ijssbulletin.com                           | Ahmad et al., 2025 | Page 689 

Figure 3.1: Show Bais vs Outlier Contamination 
Table 3.2 summarizes the Root Mean Square Error 
(RMSE) of the estimated regression coefficients 
under different levels of outlier contamination. 
When no contamination is present, OLS and 
Robust Regression perform almost identically, with 
RMSE values of 0.0124 and 0.0125, respectively, 
confirming that both techniques are efficient in 
clean datasets. However, as contamination increases 
to 5%, the RMSE for OLS rises sharply to 0.0554, 
while the Robust method shows only a modest 
increase to 0.0140. This pattern continues at higher 
contamination levels: at 10% contamination, OLS 
reaches 0.0783 compared to only 0.0150 for Robust, 
and at 20% contamination, OLS climbs further to 
0.104 while Robust remains relatively low at 0.0220. 
At the highest contamination level of 30%, OLS 
produces the largest RMSE (0.116), indicating 
substantial loss of accuracy, while Robust Regression 
remains much lower at 0.0910, though higher than 
before. These findings highlight that OLS is highly 
sensitive to even small proportions of outliers, 
leading to substantial estimation errors, whereas 
Robust Regression provides far greater stability and 

maintains low error levels even when data 
contamination is severe. 
 
Table 3.2: RMSE Comparison of OLS and Robust 
Regression 

 Contamination(%) OLS_RMSE Robust_RMS 
1 0 0.0124 0.0125 
2 5 0.0554 0.0140 
3 10 0.0783 0.0150 
4 20 0.104 0.0220 
5 30 0.116 0.0910 

Figure 3.2 displays the RMSE values for OLS and 
Robust Regression across varying levels of outlier 
contamination. A sharp increase in RMSE is 
observed for OLS even at low contamination levels, 
indicating a rapid decline in estimation accuracy. 
Robust Regression, however, shows only a gradual 
increase in RMSE, maintaining far lower error 
values than OLS throughout. This highlights the 
advantage of Robust Regression in minimizing 
estimation error and preserving accuracy when 
outliers are present.

 

 
 

Figure 3.2: Show RMSE VS Outlier Contamination 
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Table 3.3 reports the coefficient of determination 
(R²) for OLS and Robust Regression under different 
levels of outlier contamination. In the absence of 
contamination, both methods achieve a very high R² 
value of 0.971, indicating an excellent fit to the data. 
However, once outliers are introduced, the 
explanatory power of both models declines, with 
OLS showing an R² of 0.611 and Robust Regression 
a slightly lower value of 0.595 at 5% contamination. 
As contamination increases to 10%, OLS and 
Robust R² values further decrease to 0.458 and 
0.413, respectively, reflecting a weakening ability of 
the models to capture variation in the response. The 
decline becomes more pronounced at 20% 
contamination, where OLS drops to 0.322 while 
Robust falls to 0.204. At the highest contamination 
level of 30%, OLS records an R² of 0.266, with 
Robust at 0.207, both indicating poor model fit. 
These results reveal that while OLS initially explains 
more variation than the Robust approach, both 
methods suffer significant reductions in explanatory 
power as outliers increase. Importantly, the sharper 
decline in R² for Robust Regression suggests that 
although it performs better in reducing bias and 
error, its fit to the overall data decreases more 

rapidly in heavily contaminated settings. This 
highlights a trade-off between robustness and model 
fit when outliers are prevalent. 
   
Table 3.3: R² Comparison of OLS and Robust 
Regression 

 Contamination(%) OLS_R² Robust_R² 
1 0 0.971 0.971 
2 5 0.611 0.595 
3 10 0.458 0.413 
4 20 0.322 0.204 
5 30 0.266 0.207 

Figure 3.3 shows the variation in R² values for OLS 
and Robust Regression under increasing 
contamination. Both methods experience a steady 
decline in explanatory power as outliers increase. 
While OLS generally retains slightly higher R² values 
than Robust Regression, the overall downward 
trend indicates that both models lose explanatory 
strength in contaminated datasets. The sharper 
decline for Robust Regression suggests that, 
although it effectively reduces bias and error, it 
sacrifices part of its explanatory capability when 
contamination becomes severe.

 

Figure 3.3: Show R2 VS Outlier Contamination 
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Discussion 
The study shows clear differences between OLS and 
Robust Regression when outliers are present. In 
clean data, both methods performed equally well, 
producing unbiased estimates with high explanatory 
power. However, as contamination increased, OLS 
became highly unstable, showing greater bias, higher 
RMSE, and a sharp decline in R². Robust 
Regression, by contrast, remained more stable, 
producing lower bias and error across 
contamination levels. The trade-off was observed in 
explanatory power: while Robust Regression 
controlled estimation errors better, its R² dropped 
more rapidly than OLS. Overall, OLS is efficient 
with clean data, but Robust Regression is more 
reliable when outliers exist, making it the preferable 
choice in contaminated datasets. 
 
Conclusion 
This study compared the performance of Ordinary 
Least Squares (OLS) and Robust Regression under 
different levels of outlier contamination using 
simulated data. The results confirmed that OLS is 
highly efficient in clean datasets, producing nearly 
unbiased estimates (OLS bias = −0.000815) with 
very low error (RMSE = 0.0124) and strong 
explanatory power (R² = 0.971). However, even 
small proportions of outliers had a strong effect: at 
just 5% contamination, the RMSE of OLS increased 
more than four times (0.0554), and R² dropped 
sharply to 0.611. With 30% contamination, OLS 
error reached its highest level (RMSE = 0.116) and 
explanatory power fell drastically (R² = 0.266), 
clearly showing its vulnerability to outliers. In 
contrast, Robust Regression maintained stability 
across all scenarios, with very small bias (−0.000727 
at 0% and 0.00104 at 30%), lower errors (RMSE = 
0.0140 at 5% and 0.0910 at 30%), and more 
consistent results, though its R² declined more 
rapidly (0.595 at 5% and 0.207 at 30%). These 
findings demonstrate that outliers have a significant 
negative effect on OLS, while Robust Regression 
provides more reliable estimates and reduced error 
in contaminated data, making it the preferable 
choice when datasets are prone to irregularities. 
Future Recommendations 
Future research should expand this work in several 
directions. First, robust regression techniques can be 
further evaluated in high-dimensional data settings 
where multicollinearity and sparsity may interact 
with outlier effects. Second, applications of robust 
regression in real-world datasets such as finance, 

climate modeling, and biomedical studies would 
provide stronger evidence of practical usefulness 
beyond simulations. Third, integrating robust 
regression with machine learning methods such as 
penalized regression (LASSO, Ridge) or ensemble 
approaches may enhance predictive power while 
maintaining resistance to outliers. Finally, future 
studies could investigate the performance of robust 
methods in streaming or big data environments, 
where the timely detection and handling of outliers 
are increasingly important. 
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