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Abstract

Regression analysis is a valuable tool when dealing with real-world datasets that include
several types of variables. Assumption fulfillment leads to applying ordinary least square
regression (OLS) on the chosen variables. When analyzing data using traditional multiple
regression, the optimal technique is the ordinary least squares (OLS) estimate, provided
the requirements for regression weights are satisfied. Results and estimates from samples
might be misleading if the data does not match all these assumptions. Particularly
problematic for least squares regression is the presence of outliers. Robust regression
analysis is a typically used method. In outliers, the research aims to compare M-estimators
with OLS Estimators. The effectiveness is evaluated by comparing the Huber M estimate's
coefficient with the OLS estimators. To achieve the study's objective, we use Microsoft
Excel to build a Monte Carlo simulation for the response and explanatory variables, which
are typically distributed. The normal distribution is used to create 1,000 randomly selected
integers. In order to assess the effectiveness of the estimations, outliers with varying
percentages are subsequently inserted. The results demonstrate that OLS was affected by
the x- and y-axis outliers. There will be no impact on the Huber M estimate from the x-axis
outliers. Outliers in the Y-direction impacted the Huber M findings.
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Regression analysis aims to identify potential independent variables by analyzing their
relationships to the dependent ones (Lee, 2022; Lim et al., 2020). One of the straightforward
methods used in regression analysis for component extraction is ordinary least squares (OLS)
(Beattie & Esmonde-White, 2021). On the other hand, if the assumptions are not satisfied, OLS
will not work well since the results will be biased (Gujrati, 2022). Depending on the sort of
dependent variable or the assumptions that each form of regression analysis makes, many kinds of
regression analysis, including logistic regression, ridge regression, and robust regression, may be
used in these scenarios (Javaid et al., 2020). These regression methods handle a wide range of
problems, such as when OLS's assumptions are not satisfied or when a dataset issue arises (Susanti
et al., 2014). Outliers are a potential problem that might arise in the dataset. Outliers reduced OLS
effectiveness (Begashaw et al., 2020; Javaid et al., 2019). Several types of maximum likelihood
(M) estimators can be used for these problems. For example, LTS estimators, estimators of scale,
and modified M estimators (MM) (Javaid et al., 2018).

Thrampoulidis et al. (2018) note that these estimators provide a range of benefits when dealing
with datasets that include outliers (Sullivan et al., 2021). When compared to other types of robust
estimators, M estimators are more consistent and efficient, and they do a good job when dealing
with outliers (De Menezes et al., 2021; Javaid et al., 2020; Nawaz et al., 2022). Both real-world
datasets and simulation studies may be used to test the efficacy of these estimators (Schmidt &
Finanet, 2018). Researchers in the literature often do simulation analyses. One of the most common
methods used for simulation analysis is the Monte Carlo simulation, which might be used to
evaluate different techniques that have been produced (Barbu & Zhu, 2020; Mooney, 1997).
Without resorting to other, more time-consuming and expensive ways, this simulation
methodology allows us to assess and contrast the efficiency of the several methods that have been
established (Glielmo et al., 2021; Raychaudhuri, 2008). The effectiveness of the robust estimator
is also examined in this research via the use of Monte Carlo simulation analysis. To achieve this
goal, the Huber M estimator is used in conjunction with weighted approaches to choose M
estimators. Outliers may be produced by varying percentages in dependent and independent
variables (Suhaeri et al., 2021; Sullivan et al., 2021). After that, the results are compared with the
OLS to check for various outlier scenarios.

2 Methodology
The methodology used in the research can be described as follows.
2.1 Ordinary least square
Consider the standard linear regression model as in (1)
V=Xxp+ s (D)

The basic linear regression model with one variable can be described in equation (1). The matrix
form can be represented as in (2) for multiple linear regression having more than one independent
variable.

Pos = (X'X)X'Y 2)
If all assumptions are satisfied, OLS are the most effective BLUE (linear unbiased) estimators
(Gujrati, 2022).
2.2 M-estimators
Regarding regression models, ordinary least squares estimates are very vulnerable to (and unable
to withstand) outliers (Fitrianto & Xin, 2022). Robust regression analysis, which does not need

such assumptions, is useful in some instances (Berk et al., 2021). In cases when there are outliers
in the data, it produces much more accurate estimates of the regression coefficients. According to
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Lodhi et al. (2023), their excessive effect tends to skew the least squares coefficients. When
working with a dataset that has N observations, the usual weight assigned to each observation is
about 1/N. However, a weight of 15%, 20%, or even 50% may be assigned to outlying
observations. The predicted coefficients become severely skewed as a result of this. Because their
residuals are far less than expected, this distortion makes outliers hard to spot. Outliers are less
heavily weighted in robust regression.

According to Javaid et al. (2018), the models derived as maximum likelihood models are
collectively called M-estimator models. With M-estimation, first proposed by Huber (1965), the
most popular and almost as efficient robust regression approach is OLS (Youssef et al., 2022). The
M-estimate minimizes a function of p of the errors instead of minimizing the sum of squared errors,
which is the original aim. Below is the M-estimate goal function.

i Yi-Xxr.
min¥ilop (%) =min}i_,p < iz ) @)

N

The scale estimate can often be created by linearly combining the residuals, and it is represented
by s. The objective function is given by the function of p, which represents the contribution of
each of the residuals. These are qualities that a reasonable of p ought to possess:

p(e) = 0,p(0) =0,p(e) = p(=e),and p(ei) = p(ei) for |ei] = |e'i. (4)

The equation p (ei) = ei? applies to least squares estimate, as an example. By obtaining the partial
derivatives with respect to the B and setting them as 0, the system of normal equations that may be
used to solve this minimization issue can be obtained.

Yiex' g;
o (<)X = 0 ©

Where the derivative is located. How much weight to give outliers determines the function's
selection. In contrast to least squares, a monotone function gives less weight to extreme outliers.
As the outlying distance rises, a redescending i function assigns more weight to an outlier until the
distance reaches a certain value, reducing the weight to zero. Two approaches can be used to solve
the nonlinear normal equations resulting from M-estimates: Newton-Raphson and Iteratively
Reweighted Least Squares (IRLS). IRLS presents the standard equation in this way:

XWXB =X'Wy (6)
Where W is n X n diagonal matrix of weights,
(e

= T\ (7)
(=)

N

Usually, OLS is used to get the initial vector of parameter estimations, 0. This parameter estimation
is revised using IRLS using

B =X'WX)'X'Wy (8)

In (3), the weights are dependent on the residuals, which in turn rely on the estimated coefficients,
and so on. One such method is repeatedly re-weighted least squares.

3 Result and Discussion
3.1 Data Simulation and Results

Microsoft Excel and random integers are used to build the dataset in this study. The variables are
generated using a normal distribution with u = 60 and o= = 150. A dependent variable (Y) and
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five independent variables (X1, X2, X3, X4, and X5) are generated when p equals 150 and 250,
respectively. Making outliers with a 15%, 20%, or 35% margin allows us to compare the efficiency
of robust regression with ordinary least squares estimates.

Huber M estimators results are observed in all cases, and the results are observed in Table 1
Table 1: Efficiency of Huber M estimator

Outliers X1 X2 X3 X4 X5 R2
percentage

No outliers -8.93e-05 1.400e-02 -4.266e-02 2.456e-02 -3.76e-02 0.2
15% in X1 -0.0217 0.0234 -0.0457 0.0345 -0.0768 0.05
20% in X1 0.0054 0.0324 -0.0675 0.0456 -0.0567 0.08
30% in X1 0.0034 0.0435 -0.0768 0.0278 -0.0765 0.1
15% inY 0.0030 0.0453 -0.0564 -0.00678 -0.0675 0.09
20% inY -0.0019 0.0568 -0.0654 0.0257 -0.0342 0.09
30%inY -0.0099 0.0675 -0.0765 -0.0087 -0.0008 0.32
Total 0.93

Table 1 shows that adding the outliers to X's has not significantly impacted the coefficient of X's.
However, by creating outliers in the Y variable at varying percentages, we may discover a change
in the coefficient of X. The R2 value measures the effectiveness. In the case of X variable outliers,
the R2 stays relatively unchanged. However, efficiency decreases as the number of outliers in the
Y variable increases. It follows that the Huber M estimator is unaffected by X-direction outliers.
However, when outliers are present, efficiency decreases in the Y direction. However, the
effectiveness of the Huber M estimator decreases as the fraction of outliers increases for Y-
direction outliers. In addition, if any extreme values on the X-axis are detected. As a result, when
dealing with outliers, the Huber M estimator is best. A Huber M estimator will not be considered
an efficient estimator if inferential observations are discovered because the efficiency of the Huber
M estimator will be affected by the inferential observations. Therefore, in this scenario, the
problem with outliers may be resolved using any other robust estimator, and the estimators'
efficiency will not be affected.

3.2 Ordinary Least Square Result

OLS is used because it may be compared to the Huber M estimator. Findings are shown for the
initial simulation with no outliers and Y and X1 variables with 15%, 20%, and 35% outliers,
respectively. The goal is to see how extreme values on both the horizontal and vertical axes behave.
Both robust regression analysis and the ordinary least squares estimator show that outliers reduce
efficiency. See Table 2 for the OLS estimator's findings.

Table 2: Efficiency of the ordinary least square

Outliers X1 X2 X3 X4 X5 R2
percentage

No outliers -0.006 0.0054 -0.047 0.065 -0.087 0.009
15% in X1 -0.034 0.0076 -0.065 0.018 -0.096 0.04
20% in X1 0.0076 0.023 -0.078 0.019 -0.043 0.007
35% in X1 0.0034 0.007 -0.044 0.033 -0.063 0.009
15%inY 0.0054 0.056 -0.098 -0.065 0.0002 0.006
20% inY 0.0053 0.058 -0.065 -0.064 0.0003 0.009
35%inY -0.034 0.076 -0.098 -0.008 0.087 0.006
Total 0.086

Table 2 shows a difference between the datasets with no outliers and those with a lower proportion
of outliers introduced. However, the regressors' coefficient values show greater fluctuation as the
outlier proportion rises. Overall analysis, including the insertion of outliers, reveals a total of 0.086
variations explained by the R2 value. In all, the investigation yielded an 8.6% efficiency rate. We
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may conclude the OLS estimator since it affects the outliers regarding efficiency in both the x and
y directions.

4 Conclusion

OLS and Huber M estimators show the effects on results of OLS even in the situation of 15%
outliers because OLS is sensitive in case of outliers, whether in the Y or X axes. Meanwhile,
Huber M estimators are unaffected by outliers in the X-direction. At the same time, it is affected
by Y-direction outliers. Thus, robust estimators are more efficient in situations of outliers.
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