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Abstract

The examination of detection and correction of linear model violations by means
of residuals is an important step in statistical analyses. Sometimes regression
results are non-optimal, biased estimates, increase in Type 1 error rates, poor
standard errors, untrustworthy confidence intervals, and insignificance F and T
Test. This is as a result of assumption violations arising from non-normality, non-
linearity, serial correlation, and multicollinearity All statistical analysis as well as
graphical plots was carried out with SPSS 25 statistical package. The chi-squared
test of two selected statistical test is greater than chi squared critical or sig value
is less than 0.05. This shows evidence of heteroscedasticity(non-constant
variance). The variance inflation factor (VIF) of predictors X; and X3 are 50.603
and 49.286 which are appropriately high. This shows evidence of multicollinearity
in the model. The ANOVAF test sig value of 0.112 is greater than 0.05. This shows
overall non-significance relationship between the variables in the model and
provides insight to other violations present. In all, the standardized residuals were
used in the analysis instead of ordinary residuals. The Durbin Watson test statistics
are 1.470 less than 1.5 specified benchmark showing evidence of serial
correlation. Some adjustment such as increase in sample size with a linear and
quadratic inheritance were made to correct all model violations and improve on
the model through its test statistic, critical values, sig value and residual visual
assessment. The best optimal transformation is when VIF is less than 2.500.The
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VIF<2.500 satisfies the classical regression of normality, constant variance,
linearity, independent, with no outlier present and no multicollinearity present in
the model.

Keywords: Detection, Correction of Violations, Linear Model Assumptions,
Means of Residuals

Introduction

Regression analysis is one of the important statistical tools and methods used in the
process of statistical analysis [1]. It is widely accepted [2] that regression analysis is
concerned with deriving parameters that describe the relationship between a dependent
variable Yi and set of independent variables, X;, X;, X3, ..., X,. Regression models
have good predictive ability by estimating coefficients using least squares method (or
otherwise) as well as the investigation of four classical regression assumptions such
as normality, linearity, constant-variance, and independent of disturbance term [3].
One of the most frequently employed models to express the influence of several
predictors X;, X;, X3, ...,X, on a continuous outcome variable is the linear
regression model which is mathematically defined by:

Vi = Bo+ BiXyi + BoXoi + -+ BpXpi +E€;
(D

It is proposed by [4] that standard regression models of equation (1) takes to measures
without errors.

The various values of parameters Sy, B1, P, ..., Bp are each a measure of association
between respectively independent variables and the dependent variable, Y; .

Apart from the statistical purpose of making predictions, regression can be used to find
a model as seen in equation (1). Before the fitted linear model of equation (1) is used
for prediction purpose, analysis of residuals is used to test for classical regression
assumptions.

These classical assumptions associated usually with the residuals have been
extensively studied and applied to model real life data. Subjecting the analyses to
serious classical assumption testing may shed bad light on fitted linear regression
model.

Nevertheless, there are situations in statistical analysis where the underlying classical
regression analysis provides poor model fit in data analysis. This is as a result of
violations of model assumption emanating from non-normality of data distribution,
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non-linearity (curvilinear effects), non-constant variance, serial correlation,
collinearity pairwise and multicollinearity among the independent variables. It is
observed by [2] that parameters of the simple linear regression model are not scale
invariant but quite sensitive to data transformations.

In multiple linear regressions, much work has not been done on the use of residuals in
their various capacities of test statistic, critical value, significant level and residual
visualization’s to detect various levels of assumption violations and not providing
feasible control measures to remedy the problems of model violations.

In the view of [5], diagnostic techniques can be graphical, which is more flexible, but
harder to definitely interpret or numerical (statistical tests), which are narrower in
scope, but require no intuition. Montgomery, Peck & Vining (2001) . [4] is of the
opinion that both types of diagnostic techniques are usually based on analysis of
residuals which is an effective way to discover several types of model inadequacies
including assumption violations. It was argued by [6] that final judgment on model
adequacy and model violations should be based on statistical tests of residuals, instead
of their graphical displays. However, [7] insists that residual plots are much more
useful than formal testing procedures, when assessing model adequacy. In an empirical
study, [8] used a time series regression model to predict infant mortality rate in
Nigeria. The study showed that the variables were auto-correlated with decaying time
lags.

However, despite the difference in opinions as presented in literature, both approaches
remain the_most commonly used regression diagnostic tools. Violations of these four
classical regression assumptions, in line with the present of multicollinearity and
outliers have to be corrected using trial and error transformations.

Different transformations are tried until the residuals seem feasible. Regression model
is termed optimal, and are used for prediction purposes when four classical regression
assumptions of residuals have been satisfied, in addition to no outlier present and as
well variance inflationary factor below 2.500 for each of the independent variables in
the model.

To this end, this study introduced a dynamic ways of the Detention and Corrections of
violations of linear model assumptions by means of residuals. It is to investigate and
analyze the corrections of violations of linear model assumptions by means of
residuals.

The specific objectives of this study, therefore are to use examples to examine the
effects of White test, and Breusch-Pagan test in detecting non-constant variance
through the diagnoses of standardized residuals instead of ordinary residuals as used
in literature , provide measures through statistical test and visual assessment to detect
various model violations and validations in multiple settings at certain levels of
significance, employing ANOVA F test to detect non-normality and provides insight
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to other model violations and use values of variance inflation factor (VIF) to explore
the performance of transformations of optimal regression models with classical
regression assumptions.

Materials and Methods

The Graphical Plots of Heteroscedasticity Detention

It is widely accepted [4, 9, 10 ] that in multiple linear regression, the usual
recommended method of detecting heteroscedasticity is to plot regression residuals
against the predicted value ¥; or against set of independent variables and see if there
is a pattern of horned shaped in residual plot indicating that variance of observations
is increasing or decreasing with other variables.

However, when checking for heteroscedasticity variance, it is important to use
standardized residuals, because ordinary residuals as used in literature for
heteroscedasticity tendency. Before they are used in checking for equality of variance
in regression analysis, they need to be standardized.

The graphical methods are only a means of preliminary analysis and it is quite
subjective. In order to get more precise answer to questions of whether
heteroscedasticity is present or not, it is better to use appropriate statistical test which
has a specified benchmark and convincing interpretation.

Statistical Tests of Heteroscedasticity Detection

Breusch - Pagan Test for Standardized Residuals

Breusch-Pagan statistic [11] is used to detect heteroscedasticity (non-constant
variance) present in a multiple linear regression model. Its test the linear associations
between model standardized residuals and model predictors. In Breusch-Pagan test,
the squared standardized residuals (Z €7) are regressed against some set of
independent variables. The auxiliary equations now becomes

Z €}= 0y + 01X1 + 0, X + -+ 0,Xp, + € (2)

The coefficient of determination (R?) derived from equation (2) are used to multiplied
the given sample size (n) to obtain
nR;elz =Nn=* R;eg (3)

1

Under the null hypothesis, linear model is distributed asymptotically as )(g_m 4

The decision is to rejects null hypotheses of constant variance if test statistic is greater
than the chi - squared critical value.
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Otherwise, do not. Alternatively, if p-value is less than 0.05 level of significance, the
null hypotheses of homoscedasticity is rejected.

White Test for Standardized Residuals

The immediate drawback of Breusch—Pagan test is that it can only detect linear
associations between model standardized residuals and model predictors. In order to
generalize it further, the white test [12] looks at higher —order, non-linear function
forms of the X terms (i.e., quadratic and cross-product interactions among the
predictors). In this case, the regression for (squared) standardized error terms, assume
for four (4) independent variables would be defined as

Z €2= 0y + 0. X1 + 03X, + 03X3 + 04X, + 05 X2 + 05X2 + 0,X2 + 0X2 +

09 X1 X2 X3X, +€; (5)

The coefficients of determination (R?) derived from equation (5) are used to multiply
the sample size (n) to have

TlR;ez (6)

i
And this follows a chi squared critical value of X}%—l,a
The decision is to rejects null hypotheses if test statistic is greater than the chi - square
critical value. Otherwise, do not reject.

Techniques for Detecting Multicollinearity with Adjusted Coefficients of
Determination Diagnostics

Variance Inflationary Factor (VIF)

Variance inflationary factor (VIF) arises when some of independent variables in a
multiple settings are highly correlated with a single independent variable. In such
situations, collinear variables do not provide new information, and it becomes difficult
to separate the effects of such variables on the dependent variables(Y). One method of
measuring multicollinearity between one independent variable and other independent

variables is by variance inflationary factor (VIF). It is defined as
1 1

VIF = 1—R]2 - tolerance )
J
where R]-2 is the coefficient of multiple determination.
1 1
VIFqaqj = 1= R3gjusted " toleranceqq; ®)

Where RZ, justea 18 the adjusted coefficient of determination?
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The tolerance value is the inverse of VIF. The VIF value between 5 and 10 indicates
very high correlated variables, and VIF values greater than 10 are an indication that
the regression coefficients are feeble estimates with presence of multicollinearity [13].
Equation (8) has a better predictive power because the adjusted coefficient of
determination select only significant optimal variables into the model than the ordinary
coefficient of determination which increases as the sample size increases, so it is better
to use the adjusted coefficient of determination as a better method for determining the
variation of the independent variables over the dependent variable.

TABLE 1: VIF Presentation and Interpretation

VIF value Decision Conclusion

VIF =1 Not Correlated No Multicollinearity present

I1<VIF <5 Moderately Correlated Partial Multicollinearity

VIF>5 High Correlated variables  Full Present of
Multicollinearity

VIF>10(More than 100% Highly Correlated 100%  Full  present  of

10) variables Multicollinearity

Assessing Non-Normality of Residuals

According to [14], violations of assumption of normality of residuals may result in
incorrect inferences in small samples, while [15] asserted that violations of normality
assumption do not have much impact on inference. For the scope of this study, two
methods will be diagnosed which are the standardized residual plots and ANOVA F
test diagnostics for statistical plots.

Graphical Plots of Assessing Non-Normality of Standardized Residuals

The scatter plots of standardized residuals against predicted value are used to detect
non-normality of the residuals. Evidence of non-randomness and uneven distribution
is a sign of non-normality.

ANOVA F Test for Assessing Non-Normality
The ANOVA F test is used to test for overall significance of multiple independent
variables; the null and alternative hypotheses are set up as follows

Ho: Estimated regression model is non - normal.

H; : Estimated regression model is quite normal.
MSR

The F test statistic for the entire regression model is F = VISE 9

where MSR stands for Mean Square Regression and MSE is Mean Square Error.
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The ANOVA F critical value is defined as
F(p_l‘n_p_l)a
(10)

The decision is to reject null hypotheses if the F test calculated is greater than the F
critical. The Sig value can also be used to assess the stated hypotheses.

Detecting Serial Correlation (Non-Independence)

It is well known that even cross-sectional data (i.e., data collected on different units at
about the same time) may be correlated because of spatial proximity, family
relationships, or other reasons. Such autocorrelation, due to spatial clustering of
sampling units, needs also to be taken into account appropriately when building the
model.

The Graphical Test of Assessing Serial Correlation

The residuals plots against time or observations or against predicted value helps to
detect serial correlation in the model. The scatter plots showing evidence of oscillation
that is data set moving up and down in a serially correlated pattern.

Statistical Test for Detecting Serial Correlation with Specified Benchmark

The Durbin Watson statistic has a value ranging between 0 and 4. A value of 2.0
indicates there is no autocorrelation detected in the sample. A value below 1.5 shows
evidence of auto-correlation. As a rule of thumb, Durbin Watson should be between
1.5 and 2.5 to indicate independent of the observation. Any value below or outside this
range shows non-independent, which is an indication that one of the assumption has
been violated.

Results and Discussion

Data Presentation

A Bread bakery is interested in establishing the effect of Trademark (X1), Bread
Texture (X2) and Bread aroma (X3) on Consumers’ attitude(Y). Twenty three
customers were sampled, and their ratings are presented in Table 2, and the bivariate
correlations matrix in Table 3.

Table 2 Consumers’ attitude survey

n Y X1 X2 X3
1 6.52 26.02 26.02 25.02
2 7.92 20.02 16.02 52.02
3 6.82 16.02 10.02 29.02
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4 6.52 17.02 12.02 28.02

20 6.82 35.02 38.02 39.02
21 6.52 15.02 12.02 22.02
22 8.62 28.02 32.02 65.02
23 8.62 32.02 38.02 49.02

Table 3: Bivariate Correlation matrix

Y X1 X2 X3
Y 1 366 367 5117
X1 366 1 .990" 635"
X2 367 990" 1 647
X3 5117 635" 647 1

The Bivariate Correlations of Table 3 suggests that a strong correlation exist between
Trademark(X1) and Bread Texture(X2) of 0.990 (r = 0.990) . This is a sign of
multicollinearity present in the data set. The bivariate correlations among the
remaining independent variables do not appear to be so strong. They are fair
correlations which we may not consider as causing multicollinearity.

Measuring Heteroscedasticity with Standardized Residuals Graphical Plots
|".| 2]
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Figure 1. Regression Analysis of Standardized Residuals.

8 africanscholarpublications@gmail.com
2024



The scatter plot of Figure 1 shows an increasing and decreasing trend of standardized
residuals. It is horned shaped in pattern. This finding indicates heteroscedasticity in
multivariate set of independent variables. This provides general overview on the
detention of all model violations.

Statistical Methods of Measuring Heteroscedasticity (Non-Constant Variance) with
Standardized Residuals diagnostics

Table 5. Numerical Values of two (2) Selected Statistical test in identifying
Heteroscedasticity in multivariate regression.

Statistical Chi Square SigValue  Fcrit  Decision  Conclusion

Test test

Breusch-Pagan  5.389>Fg 0.020<0.05 3.84 Rejects Ho  Heteroscedasticity is
present

White test [7408>F Fgie  0.043<0.05 1692  RejectsHo  Heteroscedasticity is
present

Measuring the Degree and Impact of Multicollinearity
Table 6. Testing for Multicollinearity: Assessing Sig value, Tolerance and VIF values
with Standardized Residuals Diagnostics.

Variable Sig Tolerance Variance Inflation ~ Remark

X1 Trademark Ba0>0.05 .020-0.01 a0.603>10 Multicollinearity
Present

X2 Bread Texture 892>0.05 a79>0.01 .726<10 Multicollinearity
Present

X3 Bread .083>0.05 020-0.01 49.786>10 Multicollinearity

Contentment Present

In Table 6, variance inflationary factor (VIF) of Trademark(X1) and Bread
Contentment(X3) are 50.603 and 49.286 which are appropriately high. It is above the
rule of thumb ten (10) as said in literature. Also, this shows great evidence of
multicollinearity in regression model.
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Identifying Non-Normality of Error Term
Table 7. ANOVA F test and Sig Value of each Predictor variables.

Source Typelll S8 F SIG FCrit  Decision  Conclusion

Corrected  3.685° 2278313 112005 313 Accepts  General Model non-

Model Ho normality

xl 011 134<3.13 Boo>00a 313 Accepts Individual Model non-
Ho normality

x2 010 018<3.13 892>005 313 Accepts  Individual Model non-
Ho normality

x3 1.800 3.338>313 083005 313  Accepts  Individual Model non-
Ho normality

The analysis of Table 7 shows that p-value of 0.112 is greater than 0.05. The individual
variables also shows evidence of non-normality. The null hypotheses of model

inadequacy is accepted.

General Analysis of Residual and Partial Regression Plots
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Figure 2. Standardized partial regression plots.

Figure 2 shows visual assessment of residuals and partial regression plots. The above
plots shows evidence of curvilinear effects which is an indication of nonlinearity in the
residuals and provides insights to other assumption violation. The above regression
analysis through its statistical test and graphical plots shows that the four classical
regression of error term have been violated. There was no evidence of any outliers
present. This is where some researcher makes mistakes. Publishing a work that has
assumption model violations is like treating an ailment without going through medical
laboratory test. This is called statistical error because it will not lead to optimal model
solution.

A transformation
Table 8.: VIF values at various Transformation Level: An Insight Guide to Optimal
and Acceptable Regression model.

VIF of Log VIF of Increase Sample VIF of Square  Root

LI Transformation (n<23)  Sizes (n<69) Transformation (n<23)
I 49788 2.028<2.500: Optimal 59 434
Model
7 £0.803 2.238<2.500: Optimal 59 708
Model
X3 [.726 [179<2.500: Optimal Model  1.778

In Table 8, the VIF values of increase in sample sizes (n < 69) with linear and
quadratic trends seems feasible and satisfactory than the other transformation because
the (VIF) are very minimal (less than 2.500). The presence of multicollinearity has
been removed to the barest minimum.

Table 7. Homoscedasticity (Constant-variance): Assumption validation after
Transformation (n<69).

Statistical Test  Chi Square  Sig Value Critical Decision Conclusion
value
White Test 9639 0.381>0.05 [a.a07 Accepts Ho  Homoscedasticity
Present

The White test after transformation is the best statistical test used to test for
heteroscedasticity. The reason is that it has a linear trend, quadratic trend and
interaction term in one linear model. It can also be used to test for heteroscedasticity
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nd homocedasticity at different model trends and can aslo be used to detect other
violations present in the regression model.

Table 8. Non-normality Assumption validation after Transformation (n<69)

ANDVA F Test

Statistic

Model S8 Df MS F Sig. F Critical Remark

1 Regress 1249 3 4165 8806 .000<00 3.34 Rejects Ho and errors
ion B ) are Normality

Distributed

Finally, the above analysis with require transformation of VIF less than 2.500 is
satisfactory as we can see a great significant improvement in the regression analysis
in terms of Test statistics, critical value, sig value and the graphical plots.

Expected Cum Prob

Observed Cum Prob Predicted Value

Figure 4: Standardized Residuals Graphical plots and Normal P-P plot.

This are both used to show general overview and provides insight into all model
validations ranges from normality, constant variance, independent and linearity of the
standardized residuals. This shows great evidence of optimal regression model and
predictive ability. The Normal P-P plots shows a 45 degree linearity pattern, and with
a moving from ( 0,0) to (1,1). The Graphical plot of standardized residual against
predicted value shows hovering around the mean of zero, are evenly distributed and
shows no sign of outlier.
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Findings from the Study

1) The regression standardized residuals against regression predicted value shows
general evidence of violations and validations of classical regression assumptions
before and after transformation. It gives an idea into the analysis of partial
regression plots.

2) The two selected statistical test with a standardized residuals diagnostics of
various values of chi square test (n*R? ) are greater than chi square critical values
or sig values are less than 0.05 level of significance. This shows evidence of
heteroscedasticity present in the multivariate model.

3) The variance inflation factor (VIF) of Trademark(X1) and Bread Texture(X2) are
high, 50.603 and 49.286 respectively, showing evidence of multicollinearity.

4) The ANOVAF test shows evidence of overall non-normality and individual non-
normality and provides insight to other model violations.

5) The variance inflation factor (VIF) of increase in sample sizes below 2.500 for
each of the independent variables shows evidence of optimal model
transformation method, and satisfaction of the six classical regression
assumptions.

Conclusion
The following conclusion were reached

1) The White test statistic of standardized residuals diagnostics drives
heteroscedasticity (non-constant variance) and homoscedasticty(constant
variance) for both small and large sample sizes in terms of chi square (Test
statistic), critical value and Sig value at 0.05 level of significance.

2) The scatter plots of regression standardized residuals against the regression
predicted value shows general overview about assumption model violations and
validations. It serve as a road map to show all model violations and validations
in a single settings.

3) The ANOVA F test through its non-significance linear relationships shows
evidence of general non-normality and individual non-normality as well as
providing insight to some model violations.

4) VIF below 2.500 as the best feasible and satisfactory transformation of optimal
regression models and satisfaction of classical assumption.

5) Using VIF greater 10 or less than 2.500 as the road map to non-optimal and non-
optimal models increase in sample sizes with linear and quadratic features have
a variance inflation factor less than 2.500 and should be used.
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