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Abstract 

 

Suppression effect is one of the most elusive and difficult to understand dynamics in multiple regression analysis. 

Suppressor variable(s) and their dynamics in multiple regression analyses are important in reporting accurate research 

outcomes. However, quite a number of researchers are unfamiliar with the possible advantages and importance of these 

variables. Suppressor variables tend to appear useless as separate predictors, but have the potential to change the 

predictive ability of other variables and completely influence research outcomes. This research describes the role 

suppressor variables play in a multiple regression analysis and provides practical examples that further explain how 

suppressor effects can alter research outcomes. Finally, we employed mathematical set notation to demonstrate the 

concepts of suppressor effects. 
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1. Introduction 

When selecting input variables, most researchers often check for possible significant correlations between the 

dependent variables and potential relevant input variables [1]. In some instances, some of the input variables are 

uncorrelated or have a near zero correlation with the response variable [10]. This situation raises the question of 

whether a researchers’ multiple regression analysis should exclude or incorporate input variables that are not 

significantly correlated with the response variable [12]. Such questions are mostly not given the requisite attention. In 

multiple regression equations, suppressor variables increase the weight of predictor variable’s coefficients associated 

with other independent variables or set of variables [5] [9]. A suppressor variable correlates significantly with other 

predictor variables, and accounts for or suppresses some irrelevant noise in such predictor variables as well as 

improving the overall predictive power of the model [2]. Given this illustration, some researchers’ prefer to refer to 

suppressor variable as an enhancer and not suppressor (McFatter, 1979). Suppressor variables are classified into four, 

namely: 

 Classic suppression 

 Negative suppression 

 Reciprocal suppression 

 Absolute/Relative suppression 

 

1.1. Set notation illustration 
 

Let A, B and C be any arbitrary variables where A is regarded as the response variable while B & C are the potential 

input variables ∃ A&B are related and B&C are also related but A&C are not directly related. But if A&B exist and 

B&C exists, → A&C exist by implication. 
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Also, if A∩B and B∩C → A∩C exists. This implies that the relationship between A&C is called a partial one and holds 

because of the relationship between B&C. 

2. Methodology 

2.1. Coefficient of correlation 
 

Correlation analysis comes into play in this study, in the sense that the test for association within input and response 

variable will be done bi-variately and separately which can be referred to as the limitation in determining suppression 

effect, this is done in this manner so as to be able to get a clearer picture of the kind of relationship the predictors share 

within themselves and also, the nature and kind of relationship between the input and response variables arbitrarily sayx 

and y usually denoted by r(x,y) or simply rx,y. This is a numerical measure of the linear relationship between the two 

random variables, and it is defined mathematically as: 

 

r = 
∑ (yi−y̅)(xi−x̅)n

i=1

√∑ (yi−y̅)2 ∑ (xi−x̅̅)2n
i=1

n
i=1

                                                                                                                                                   (1) 

 

2.2. Stepwise process 
 

Empirically, the stepwise process employs the F-statistic in the partial F-test for its selection process. The test statistic 

for the stepwise process is denoted by F∗ which compares the Means Square of the Regressors (MSR) with the Mean 

Square of the Error (MSE) for selecting relevant variables. 

 

F∗ = 
MSR

MSE
                                                                                                                                                                              (2) 

 

The stepwise process begins by fitting a simple regression model for each of the p − 1 potential X variables: 

 

F∗ = 
MSR(Xk)

MSE(Xk)
                                                                                                                                                                        (3) 

 

F1
∗ = 

MSR(X1/X2,….,Xp−1)

MSE(X1,…,Xp−1)
                                                                                                                                                         (4) 

 

Fk
∗ =  

MSR (Xk/Xi)

MSE (Xi,Xk)
=  [

bk

S(bk)
]

2

                                                                                                                                               (5) 

 

Assuming X2 is the variable entered in step 1, the stepwise process will fit all regression models with all variables 

where X2 is one of the pair. Therefore for such regression model, the partial F test statistic will be: 

 

F∗= 
SSR (X2/X1,X3…,Xk−1,Xk+1,..,Xp−1)

MSE
                                                                                                                                       (6) 

 

If H0  holds, then F∗  ~F(1,n−p) . Large values of F∗  leads to the conclusion of Ha . Recall that MSR (Xk) = SSR (Xk) 

measures the reduction in the total variation of Y associated with the use of variable Xk. The variable X with the largest 

F∗ values is selected as the candidate variable for addition if F∗ value exceeds a predetermined level. Thus, the variable 

X is added otherwise the program terminates with no X variable is considered sufficiently helpful to enter into the 

regression model (John, William, & Michael, 1983). 

 

2.3. Multiple regression analysis 
 

Multiple Linear Regression analysis is an improvement on Simple Linear Regression analysis so as to be able to 

incorporate more than one predictor variable, the statistics used to assess the association between two or more input 

variables and a single response variable [7] [13]. The general form of a multiple linear regression equation is as follows: 

 

Yi = β0 + β1X1 + β2X2 + ⋯+βkXk + εi                                                                                                                           (7) 

 

Yi = β0 + ∑ Xijβij +n
j=1 εi                                                                                                                                                   (8) 
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2.4. Parameter estimation 
 

To estimate the parameters in a Multiple Regression Analysis, we use the extension of the least square estimation 

procedure. Given the general case of the multiple regression model: 

The least square function is written as: 

 

S=(β0, β1, β2, . . , βk) = ∑ εi
2k

i=1 = ∑ (yi − β0 ∑ βjxij
n
i=1 )

2k
i=1                                                                                             (9) 

 

The function S is been minimized with respect to β0, β1, β2, . . , βk which must satisfy the partial derivativeδS. 

Therefore;  

 
δS

δβ0
 (β0, β1, β2, . . , βk) =  −2 ∑ (yi − β0 ∑ β̂jXij

n
i=1 )n

i=1 = 0                                                                                             (10) 

 

And 

 
δS

δβ1
 (β0, β1, β2, . . , βk) = −2X1 ∑ (yi − β0 ∑ β̂jXij

n
i=1 )n

i=1 = 0                                                                                           (11) 

 

We solve the above equations and obtain the least square normal equations as follows: 

 

nβ̂0 + β̂1 ∑ x1i
n
i=1 + β̂2 ∑ x12

n
i=1 + ⋯ + β̂j ∑ xik

n
i=1 = ∑ yi

n
i=1                                                                                          (12) 

 

β̂0 ∑ xi
n
i=1 + β̂1 ∑ xi1

2n
i=1 + β̂2 ∑ xi1xi2

n
i=1 + ⋯ + β̂j ∑ xi1xik

n
i=1 = ∑ yixi1

n
i=1                                                                   (13) 

 

β̂0 ∑ xi
n
i=1 + β̂1 ∑ xi1

2n
i=1 + β̂2 ∑ xi1

n
i=1 xi2 + β̂k ∑ xi1xik

n
i=1 = ∑ yixi1

n
i=1                                                                         (14) 

 

⋮ 
 

β̂0 ∑ xik
n
i=1 + β̂1 ∑ xi1xik

n
i=1 + β̂2 ∑ xi2xik

n
i=1 + β̂k ∑ xik

2n
i=1 = ∑ yixik

n
i=1                                                                        (15) 

 

Consider an illustration involving two predictor variables, X1 and X2.  

 

Here ryx1
=0.707106, ryx2

=.0, and rx1x2
= -0.707106. For these data, the beta weight β1for the first predictor, X1, will 

equal: 

 

β̂1= [ryx1
- (ryx2

) (rx1x2
)] / 1-rx1x2

2  

 

= [0.707106 - (.0) (-0.707106)] / 1-(0.707106)
2
 

 

= [0.707106 - (.0) (-0.707106)] / 1- 0.5 

 

= [0.707106 - (.0) (-0.707106)] / 0.5 

 

= [0.707106 - .0] / 0.5 

 

= 0.707106 / 0.5 

 

= 1.414213. 

 

The beta weight β2 for the second predictor, X2, will equal: 

 

β̂2 = [ryx2
- (ryx1

) (rx1x2
)] / 1-rx1x2

2  

 

= [.0 - (0.707106) (-0.707106)] / 1 - (0.707106)
2
 

 

= [.0 - (0.707106) (-0.707106)] / 1 - 0 .5 

 

= [.0 - (0.707106) (-0.707106)] / 0.5 
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= [.0 - (-0.5)] / 0.5 

 

= 0.5 / 0.5 

 

= 1.0. 

 

The coefficient of determination R2 for these equals: 

 

R2 = (β̂1) (ryx1
) + (β̂2) (ryx2

) 

 

= (1.414213) (0.707106) + (1.0) (.0) 

= 1.0 + 0.0 

 

= 1.0. 

 

Thus, in this example, even though X2 has a zero correlation with Yi, the use of X2 aspart of prediction along with X1 

doubles the predictive efficacy of the predictors, yielding perfect prediction. 

3. Discussion 

Some of the advantages accrue for accurately identifying suppression effects in multiple regression analysis. 

Incorporating suppressor variables in multiple regressions will amount to three positive outcomes: determining more 

accurate regression coefficients associated with predictor variables; improving overall predictability of the regression 

model; and enhancing accuracy of theory and model building.  

Firstly, the risks inherent in excluding a relevant variable far outweigh the risks inherent in including an irrelevant 

variable [3] [4]. The regression weight of a predictor variable may change depending on its association with other 

predictor variables in the model. If a suppressor variable that should have been in the model is missing, that omission 

may substantially alter the research results, including an underestimated regression coefficient of the suppressed 

variable, higher model error sum of squares, and lower predictive power of the model as it has been shown in the 

analysis [6] [8]. An incomplete set of predictor variables may not only underestimate regression coefficients, but in 

some instances, will increase the probability of making a Type II error by failing to reject the null hypothesis when it is 

false [17]. In contrast, although including irrelevant variables in a model can contribute to multi-collinearity and loss of 

degrees of freedom. Hence, the risk of excluding a relevant variable outweighs the risk of including an irrelevant 

variable. To avoid underestimating the regression coefficient of a particular predictor variable, it is important to 

understand the nature of its relationship with other predictor variables [14] [16]. The concept of suppression provokes 

researchers to think about the presence of outcome-irrelevant variation in an independent variable that may mask that 

variable’s genuine relationship with the outcome variable.  

However, in most research, predictor variables are inter-correlated, and regression coefficients are calculated after 

adjusting for all the bi-variate correlations between independent variables [16]. When a multiple regression model is 

altered by adding a variable that is uncorrelated with other predictor variables, the usual outcome is that the 

uncorrelated variable reduces the regression weight of the other predictor variable(s) [11]. The impact will be different 

if the added variable (or set of variables) is a suppressor variable. The suppressor variable will account for irrelevant 

predictive variance in some predictors and therefore will yield an increase in the regression weight of those predictors. 

Moreover, the regressor weight of the suppressor may improve, thus improving the overall predictive power of the 

model [6]. Suppression implies that the relationship between some independent variables of interest and the outcome 

variables are blurred because of outcome-irrelevant variance; the addition of suppressor variables clears or, purifies the 

outcome-irrelevant variation from the independent variables, thus revealing the true relationship between the 

independent and outcome variables [19]. 

4. Summary and conclusion 

Our primary goal in this work as initially stated in our objectives is to highlight the dynamics of suppression effect and 

the limitation of stepwise selection in Multiple Regression Analysis research as well as to draw the attention of 

researchers to the fact that suppressor variables in multiple regression analysis are more prevalent than previously 

recognized [18]. The idea that a variable, which is unrelated to the dependent variable, should be retained not only for 

theoretical purposes but also to improve overall predictability of a model. Horst (1941) has recommended that 

researchers should retain a variable, even if it has negligible/weak correlation with the dependent (response) variable 

but has a significant correlation with other predictor (independent) variables. Furthermore, other benefits accrue from 

including suppressor variables in multiple regression models. Including a suppressor variable will eliminate the danger 

of rejecting a true hypothesis as false [15]. 
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