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ABSTRACT 
 

 Relative importance analysis is a very useful supplement to regression analysis. The 

purpose of determining predictor importance is not model selection but rather uncovering 

the individual contributions of predictors relative to each other within a selected model.  
 

 Dominance analysis considers one of the most powerful relative important techniques 

which provides a framework for assessing the relative importance of predictors in 

univariate and multivariate multiple regression models.  
 

 This method is based on pairwise comparisons of the contribution of predictors in all 

possible subset models. One of the great weaknesses of Dominance analysis (DA) that is, 

it will become more computationally difficult due to the exponentially growing number of 

sub-models involved that is due to the fact for predictors, there are (2𝑃– 1) sub-models. 
 

 Here we try to extend the current studies practice by developing a technique to 

overcomes this disadvantage. We determined that the new technique gives the same result 

for classical general dominance and furthermore, we get a huge reduction in the sub-

models, for the result to be robust a simulation study has been conducted. 
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1. INTRODUCTION 
 

 As mentioned in many articles, regression analysis is arguably one of the most essential 

tools used by researchers and practitioners in figuring out the relationship among a 

response variable and its’ predictor variables. Frequently times but there may be a 

preference to further examine the model created to decide which variable or variables are 

considered the most vital or make a contribution the most variance explanation of the 

overall model. Evaluation of this type is known as Relative importance analysis and serves 

as an essential supplement to traditional regression models. Relative importance analysis 
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aims to partition defined variance among more than one predictors with a purpose to better 

understand the role played by each predictor in a regression model. 
 

 The concept of predictor” dominance” proposed by Budescu (1993) is a new way  

to compare predictors in a multiple regression context. Dominance Analysis (Budescu 

1993) approaches the problem of relative importance by examining the change in  

𝑅2 resulting from adding a predictor to all possible subset regression models. One predictor 

is said to completely dominate another if its additional contribution in R2 is greater  

than that of the other predictor under each of the subset models; if the average additional 

contribution in R2 within each model size is greater for one predictor than the other, then 

that predictor is said to conditionally dominate the other. By averaging the conditional 

dominance weights, one obtains a predictor’s general dominance weight. The three  

levels of dominance are related in a hierarchical fashion: complete dominance implies 

conditional dominance, which, in turn, implies general dominance. However, for p > 3, the 

converse does not necessarily hold; that is, general dominance does not necessarily imply 

conditional dominance, and conditional dominance does not necessarily imply complete 

dominance. The general dominance weight can be interpreted as the partial effect of the 

variable because it addresses a variable’s contribution in combination with the other 

predictors while overcoming the problems associated with correlated predictors. It 

represents the proportion of variance of the variable explained by all other variables in the 

model (Azen and Budescu 2003) and is very similar to other measures of relative 

importance. 
 

 However, the general dominance weight, because it is based on the averaging of 

conditional dominance weights, introduces certain degrees of bias. Note that the additional 

contribution of R2 of a predictor is more substantial for small models; as the number of 

predictors increases, the additional contribution of any extra predictors will get lesser. 

Using an equal-weighted average of conditional dominance weights across different model 

sizes puts more credence on the small model. Hence, the order of dominance tends to be 

influenced more by the conditional dominance weights of the models with a small number 

of predictors. 

 

2. METHODOLOGY 
 

 Dominance analysis is accomplished by performing pairwise comparisons of each 

predicting variable to a competing predicting variable on all of the 𝑘 = 0 to (𝑝 − 1) subset 

levels. The two ‘competing’ predictors are compared in the context of all 2(p−2) models 

that contain some subset of the other predictors. The table below found in Budescu (1993) 

outlines how to calculate the additional contribution for each predicting variable. To 

determine the dominance hierarchy of the model in question several steps must be 

completed. To begin, the researcher must determine what value or statistic they will use to 

measure the ‘model adequacy’.  
 

 Upon deciding on an adequacy measure the next step is to determine all the possible 

subset bases models containing 𝑘 = 0 to 𝑘 = 𝑝 – 1 variables. Once these subset models  

have been determined, the adequacy measure is calculated and used as a base case  

scenario. Following this, each of the two predicting variables that are pitted against  

each other is added to the base case scenario. The adequacy value of the model is  
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then calculated for the model with the recently added predicting variables, 𝑋𝑖 and 𝑋𝑗, 

assuming that 𝑋𝑖 and 𝑋𝑗 are not included in the base case scenario. This process is referred 

to as computing the additional contribution for each predicting variables. The two 

additional contribution values are then compared to each other. If the additional 

contribution is greater after 𝑋𝑖 than it is for 𝑋𝑗, then 𝑋𝑖 is said to dominate 𝑋𝑗 for that 

particular subset model. 
 

 This procedure is carried out for each of the determined subset models. Once all the 

predicting variables have been accounted for, the next step is to determine the average 

additional contribution for each predicting variable for each of the 𝑘 = 0 to 𝑘 = 𝑝– 1 

levels. Additionally, the overall contribution for each of the predicting variables is 

calculated by calculating the simple average of each different 3 levels. See Table 1 for an 

example of a theoretical model of 𝑝 = 4 predicting variables, using the squared partial 

correlation as the measure of model adequacy. 
 

 In the final step of the process, the different classifications of dominance are 

determined. The diagrams below (Figure 1) outline the process of determining which 

category of dominance is prevalent. 
 

 Complete 

For complete dominance to be achieved, one of the two competing predicting 

variables must have a greater additional contribution to the subset model than the 

other. 
 

 Conditional 

For a predicting variable to conditionally dominate another, it must exhibit a greater 

additional contribution for each of the 𝑘 = 0 to 𝑘 = 𝑝– 1 level averages.  
 

 General 

For a variable to generally dominate another, the average of all the different k level 

additional contributions, in this case, 𝑘 = 0 to 3 must be greater for that variable 

than the variable it is competing against. 
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Figure 1: The Different Classifications of Dominance Hierarchies 

 

 It can be shown that if one variable completely dominates another, then it will also 

conditionally and generally dominate that variable as well. That is to say that a complete 

dominance hierarchy implies the lesser forms of dominance also. Similarly, if a dominance 

hierarchy holds in the conditional form, it will also hold at the general level. As shown in 

the example though, the reverse is not necessarily true. It cannot be asserted that if a 

hierarchy is established at the general or conditional form, that it will hold in the conditional 

and complete form, or complete form, respectively. 

 

3. DOMINANCE ANALYSIS STRENGTHS AND WEAKNESSES 
 

 One of this technique’s strengths is that Dominance Analysis can come across and 

identify suppressor variables due to the fact the Dominance Analysis table will display a 

negative dominance index, rather than it being masked as in other techniques. The extra 

power of this method is the capability to carry out a constrained Dominance Analysis. This 

is, one predictor variable may be constrained as being essential to a model, to locate which 

predictors are the maximum essential and best supplement the variable required within the 

model. This could be an advantage to a practitioner remodeling a selection system that has 

been given direction that a selected tool(s) need to stay within the system. A final strength 

of this technique is that importance estimates may be divided by using the 𝑅2 to calculate 

the share of explainable variance in the overall 𝑅2 via a given predictor variable. 
 

 A weakness of this approach is that as the number of analyzed predictors will increase, 

Dominance Analysis turns into extra computationally hard because of the exponentially 

growing number of sub-models involved. That is due to the fact for predictors, there are 

(2𝑃 – 1) sub-models. As an instance, with 3 predictors a Dominance Analysis summary 
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table will have seven possible models (i.e. (1) 𝑋1, (2) 𝑋2, (3) 𝑋3, (4) 𝑋1, 𝑋2, (5) 𝑋2, 𝑋3, (6) 

𝑋1, 𝑋3, (7) 𝑋1, 𝑋2, 𝑋3). Likewise, 10 predictors will yield 1023 possible sub-models. 

 

4. MODIFIED DOMINANCE ANALYSIS 
 

 As mentioned before one of the weaknesses of the Dominance Analysis approach is 

that, as the number of analyzed predictors will increase, Dominance Analysis turns into 

extra computationally hard because of the exponentially growing number of sub-models 

involved.  
 

 To overcome the problem, we introduced a new technique, which is, involved in the 

following main stages:  
 

First: All predictor variables should be examined for bivariate correlations. We 

calculate the predictor’s direct effect,  
 

Second: When we obtain the predictors' direct effect from the first step we arrange 

predictors in an ascending or descending order according to their direct effect.  
 

Third: After arranging the predictors, we split the predictors into two (or more) groups 

concerning the given order. This step is aiming to reduce the number of sub-models 

obtained which is as mentioned earlier increase exponentially as the number of 

predictors increase. 
 

Forth: We run a separate Dominance Analysis for each group, as shown in Table 1. 
 

Fifth: We get the dominance weight for the whole variables. 

 

 
 

Figure 2: Steps of the Modified Dominance Analysis 
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Table 1 

Dominance Analysis Formulas for Three Predictors Case 

Subset Model (𝑿) 𝛒𝟐
𝐘.𝐗

 
Additional Contribution 

𝑿𝟏 𝑿𝟐 𝑿𝟑 

Null and k=0 average (CD) 𝜌2
𝑌.𝑋1

 𝜌2
𝑌.𝑋2

 𝜌2
𝑌.𝑋3

 

𝑋1 𝜌2
𝑌.𝑋1

 - 𝜌2
𝑌.𝑋1𝑋2

−  𝜌2
𝑌.𝑋1

 𝜌2
𝑌.𝑋1𝑋3

− 𝜌2
𝑌.𝑋1

 

𝑋2 𝜌2
𝑌.𝑋2

 𝜌2
𝑌.𝑋1𝑋2

−  𝜌2
𝑌.𝑋2

 - 𝜌2
𝑌.𝑋2𝑋3

− 𝜌2
𝑌.𝑋2

 

𝑋3 𝜌2
𝑌.𝑋3

 𝜌2
𝑌.𝑋1𝑋3

−  𝜌2
𝑌.𝑋3

 𝜌2
𝑌.𝑋2𝑋3

−  𝜌2
𝑌.𝑋3

 - 

𝑘 = 1 average (CD)  

(𝜌2
𝑌.𝑋1𝑋2

−  𝜌2
𝑌.𝑋2

)

 +(𝜌2
𝑌.𝑋1𝑋3

−  𝜌2
𝑌.𝑋3

)

2
 

(𝜌2
𝑌.𝑋1𝑋2

−  𝜌2
𝑌.𝑋1

)

 +(𝜌2
𝑌.𝑋2𝑋3

−  𝜌2
𝑌.𝑋3

)

2
 

(𝜌2
𝑌.𝑋1𝑋3

− 𝜌2
𝑌.𝑋1

)

 +(𝜌2
𝑌.𝑋2𝑋3

−  𝜌2
𝑌.𝑋2

)

2
 

𝑋1𝑋2 𝜌2
𝑌.𝑋1𝑋2

 - - 𝜌2
𝑌.𝑋1𝑋2𝑋3

− 𝜌2
𝑌.𝑋1𝑋2

 

𝑋1𝑋3 𝜌2
𝑌.𝑋1𝑋3

 - 𝜌2
𝑌.𝑋1𝑋2𝑋3

−  𝜌2
𝑌.𝑋1𝑋3

 - 

𝑋2𝑋3 𝜌2
𝑌.𝑋2𝑋3

 𝜌2
𝑌.𝑋1𝑋2𝑋3

− 𝜌2
𝑌.𝑋2𝑋3

 - - 

𝑘 = 2 average (CD)  𝜌2
𝑌.𝑋1𝑋2𝑋3

− 𝜌2
𝑌.𝑋2𝑋3

 𝜌2
𝑌.𝑋1𝑋2𝑋3

−  𝜌2
𝑌.𝑋1𝑋3

 𝜌2
𝑌.𝑋1𝑋2𝑋3

− 𝜌2
𝑌.𝑋1𝑋2

 

𝑋1𝑋2𝑋3 𝜌2
𝑌.𝑋1𝑋2𝑋3

 - - - 

Overall Average (GD) 
∑ 𝐶𝐷𝑋1

2
𝐾=0

3
 

∑ 𝐶𝐷𝑋2
2
𝐾=0

3
 

∑ 𝐶𝐷𝑋3
2
𝐾=0

3
 

Note: (CD) Conditional Dominance (GD) Complete Dominance (-) cell are not applicable 
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5. SIMULATION STUDY 
 

 To make the presentation more concrete, we conduct a simulation study to illustrate the 

robustness of the modified Dominance Analysis procedure. We used a parent sample  

with a defined correlation matrix (Table 2), the sample followed the normal distribution 

and its size 𝑛 = 1000. The pattern for correlations with the criterion is increasingly 

correlated with two equally high correlation coefficients.  

 

Table 2 

Population Correlation Matrix Used in the Simulation Study 

 
𝝆𝑿𝒊𝒀 𝝆𝑿𝒊𝑿𝒋 

𝒀 𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 

𝒀 1       

𝑿𝟏 0.11 1      

𝑿𝟐 0.13 0.10 1     

𝑿𝟑 0.22 0.16 0.08 1    

𝑿𝟒 0.25 0.17 0.11 0.11 1   

𝑿𝟓 0.32 0.28 0.17 0.18 0.11 1  

𝑿𝟔 0.32 0.30 0.20 0.15 0.11 0.10 1 

 

Note: 𝜌XiY represents the correlation coefficient between predictor 𝑋𝑖 and criterion 𝑌; 

𝜌XiXj represents the correlation coefficient between predictor 𝑋𝑖 and another 

predictor 𝑋𝑗; 

 

 First, we will calculate the classical Dominance Analysis of the parent sample 

generated. The result of the classical dominance analysis shown in Table 3. The column 

labeled 𝜌2
𝑌.𝑋 

 represents the variance in 𝑌 explained by the model appearing in the 

corresponding row. Columns labeled 𝑋𝑖 contain the additional contributions to the 

explained variance gained by adding the column variable (𝑋𝑖) to the row model. Blank cells 

indicate that data are not applicable. 
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Table 3 

Dominance Analysis for the Hypothetical Example with Six Predictors 

Classical 

Subset Model (𝑋) Level 𝛒𝟐𝑌. 𝑋 
Additional Contribution 

𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 

  0 0 0.012 0.018 0.05 0.063 0.107 0.107 

𝑿𝟏 1 0.012  0.015 0.043 0.055 0.096 0.095 

𝑿𝟐 1 0.018 0.009  0.046 0.056 0.096 0.093 

𝑿𝟑 1 0.05 0.005 0.014  0.052 0.085 0.088 

𝑿𝟒 1 0.063 0.004 0.011 0.039  0.091 0.091 

𝑿𝟓 1 0.107 0 0.006 0.028 0.046  0.088 

𝑿𝟔 1 0.107 0 0.005 0.031 0.047 0.089  

Average level 1 1  0.004 0.01 0.037 0.051 0.091 0.091 

𝑿𝟏𝑿𝟐 2 0.027   0.041 0.051 0.087 0.084 

𝑿𝟏𝑿𝟑 2 0.055  0.012  0.048 0.079 0.082 

𝑿𝟏𝑿𝟒 2 0.067  0.01 0.036  0.086 0.087 

𝑿𝟏𝑿𝟓 2 0.107  0.006 0.027 0.046  0.092 

𝑿𝟏𝑿𝟔 2 0.107  0.005 0.031 0.047 0.093  

𝑿𝟐𝑿𝟑 2 0.063 0.004   0.047 0.077 0.078 

𝑿𝟐𝑿𝟒 2 0.074 0.003  0.036  0.083 0.082 

𝑿𝟐𝑿𝟓 2 0.114 0  0.027 0.043  0.082 

𝑿𝟐𝑿𝟔 2 0.111 0  0.03 0.045 0.085  

𝑿𝟑𝑿𝟒 2 0.102 0.001 0.009   0.073 0.076 

𝑿𝟑𝑿𝟓 2 0.135 0 0.005  0.04  0.077 

𝑿𝟑𝑿𝟔 2 0.138 0 0.004  0.04 0.074  

𝑿𝟒𝑿𝟓 2 0.153 0 0.004 0.022   0.077 

𝑿𝟒𝑿𝟔 2 0.153 0 0.002 0.025  0.077  

𝑿𝟓𝑿𝟔 2 0.195 0.005 0.001 0.016 0.035   

Average level 2 2  0.001 0.006 0.029 0.044 0.081 0.082 

𝑿𝟏𝑿𝟐𝑿𝟑 3 0.067    0.044 0.073 0.074 

𝑿𝟏𝑿𝟐𝑿𝟒 3 0.077   0.034  0.08 0.079 

𝑿𝟏𝑿𝟐𝑿𝟓 3 0.114   0.026 0.043  0.087 

𝑿𝟏𝑿𝟐X6 3 0.111   0.03 0.045 0.089  

𝑿𝟏 𝑿𝟑𝑿𝟒 3 0.103  0.008   0.073 0.076 

𝑋𝟏𝑿𝟑𝑿𝟓 3 0.135  0.005  0.041  0.083 

𝑿𝟏𝑿𝟑𝑿𝟔 3 0.138  0.004  0.042 0.08  

𝑿𝟏𝑿𝟒𝑿𝟓 3 0.153  0.004 0.022   0.085 

𝑿𝟏𝑿𝟒𝑿𝟔 3 0.154  0.002 0.026  0.085  

𝑿𝟏𝑿𝟓𝑿𝟔 3 0.2  0.001 0.018 0.039   

𝑿𝟐𝑿𝟑𝑿𝟒 3 0.11 0.001    0.068 0.069 

𝑿𝟐𝑿𝟑𝑿𝟓 3 0.14 0   0.038  0.072 
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Classical 

Subset Model (𝑋) Level 𝛒𝟐𝑌. 𝑋 
Additional Contribution 

𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 

𝑿𝟐𝑿𝟑𝑿𝟔 3 0.141 0   0.038 0.071  

𝑿𝟐𝑿𝟒𝑿𝟓 3 0.157 0  0.021   0.073 

𝑿𝟐𝑿𝟒X6 3 0.156 0  0.024  0.074  

𝑿𝟐𝑿𝟓𝑿𝟔 3 0.196 0.005  0.016 0.034   

𝑿𝟑𝑿𝟒𝑿𝟓 3 0.175 0.001 0.003    0.068 

𝑿𝟑𝑿𝟒𝑿𝟔 3 0.178 0.001 0.002   0.065  

𝑿𝟑𝑿𝟓𝑿𝟔 3 0.211 0.006 0  0.031   

𝑿𝟒𝑿𝟓𝑿𝟔 3 0.23 0.008 0 0.013    

Average level 3 3  0.002 0.003 0.023 0.04 0.076 0.076 

𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒 4 0.111     0.068 0.07 

𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟓 4 0.14    0.039  0.078 

𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟔 4 0.141    0.04 0.077  

𝑿𝟏𝑿𝟐𝑿𝟒𝑿𝟓 4 0.157   0.022   0.081 

𝑿𝟏𝑿𝟐𝑿𝟒𝑿𝟔 4 0.156   0.025  0.082  

𝑋𝟏𝑿𝟐𝑿𝟓𝑿𝟔 4 0.2   0.018 0.038   

𝑿𝟏𝑿𝟑𝑿𝟒𝑿𝟓 4 0.176  0.003    0.077 

𝑿𝟏𝑿𝟑 𝑿𝟒𝑿𝟔 4 0.179  0.002   0.074  

𝑿𝟏 𝑿𝟑 𝑿𝟓 𝑿𝟔 4 0.218  0  0.035   

𝑿𝟏 𝑿𝟒 𝑿𝟓𝑿𝟔 4 0.238  0 0.014    

𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 4 0.178 0.001     0.065 

𝑿𝟐 𝑿𝟑 𝑿𝟒𝑿𝟔 4 0.18 0.002    0.063  

𝑿𝟐 𝑿𝟑 𝑿𝟓𝑿𝟔 4 0.212 0.006   0.031   

𝑿𝟐 𝑿𝟒 𝑿𝟓𝑿𝟔 4 0.23 0.008  0.013    

𝑿𝟑 𝑿𝟒 𝑿𝟓𝑿𝟔 4 0.243 0.01 0     

Average level 4 4  0.005 0.001 0.018 0.037 0.073 0.074 

𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒𝑿𝟓 5 0.179      0.074 

𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒𝑿𝟔 5 0.181     0.072  

𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟓𝑿𝟔 5 0.218    0.035   

𝑿𝟏 𝑿𝟐 𝑿𝟒 𝑿𝟓𝑿𝟔 5 0.238   0.014    

𝑿𝟏 𝑿𝟑 𝑿𝟒 𝑿𝟓𝑋𝟔 5 0.253  0     

𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓𝑿𝟔 5 0.243 0.01      

Average level 5 5  0.01 0 0.014 0.035 0.072 0.074 

𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒𝑿𝟓𝑿𝟔 6 0.253       

Overall Average  0.144 0.003 0.005 0.027 0.043 0.080 0.081 

Note: The column labeled 𝜌2
𝑌.𝑋 

 represents the variance in 𝑌 explained by the model 

appearing in the corresponding row. Columns labeled 𝑋𝑖 contain the additional 

contributions to the explained variance gained by adding the column variable (𝑋𝑖) 

to the row model. Blank cells indicate that data are not applicable. 
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 To begin, the researcher must determine all the possible subset bases models containing 

𝑘 = 0 to 𝑘 = 𝑝– 1 variable. Once these subset models have been determined, the adequacy 

measure is calculated and used as a base case scenario. Following this, each of the two 

predicting variables that are pitted against each other is added to the base case scenario. 

The adequacy value of the model is then calculated for the model with the recently added 

predicting variables, 𝑋𝑖 and 𝑋𝑗, assuming that 𝑋𝑖 and 𝑋𝑗 are not included in the base case 

scenario. This process is referred to as computing the additional contribution for each 

predicting variables. The two additional contribution values are then compared to each 

other. If the additional contribution is greater after 𝑋𝑖 then it is for 𝑋𝑗, then 𝑋𝑖 is said to 

dominate 𝑋𝑗 for that particular subset model. This procedure is carried out for each of the 

determined subset models. Once all the predicting variables have been accounted for, the 

next step is to determine the average additional contribution for each predicting variable 

for each of the 𝑘 = 0 to 𝑘 = 𝑝– 1 level. Additionally, the overall contribution for each of 

the predicting variables is calculated by calculating the simple average of each different 5 

levels. See Table 3 for our example of 𝑝 = 6 predicting variables. 
 

 For a variable to generally dominate another, the average of all the different 𝑘  

level additional contributions, in this case, 𝑘 = 0 to 5 must be greater for that variable  

than the variable it is competing against. The overall averages for this example can  

be found in Table 3 in the last row of the table. As shown in Table 3 the additional  

average contributions for predictors form X6 to X1 in are 0.084, 0.083, 0.045, 0.029, 0.006 

and 0.006 respectively. These values give rise to the general dominance hierarchy of  

X6 > 𝑋5 > 𝑋4 > 𝑋3 > 𝑋2 > 𝑋1. The detailed structure is given in the following table. 

 

Table 4 

Complete, Conditional and General dominance 

 Complete Conditional General 

𝑿𝟏    

𝑿𝟐   𝑿𝟏 

𝑿𝟑 𝑿𝟏𝑿𝟐 𝑿𝟏𝑿𝟐 𝑿𝟏𝑿𝟐 

𝑿𝟒 𝑿𝟏𝑿𝟐𝑿𝟑 𝑿𝟏𝑿𝟐𝑿𝟑 𝑿𝟏𝑿𝟐𝑿𝟑 

𝑿𝟓 𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒 𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒 𝑿𝟏𝑿𝟐𝑋𝟑𝑿𝟒 

𝑿𝟔 𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒 𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒 𝑿𝟏𝑿𝟐𝑿𝟑𝑿𝟒𝑿𝟓 

 

 As we can see from the table that X6 generally dominates 𝑋1𝑋2𝑋3𝑋4𝑋5, X5 generally 

dominates 𝑋1𝑋2𝑋3𝑋4, X4 generally dominates 𝑋1𝑋2𝑋3 , X3 generally dominates 𝑋1𝑋2, and 

X2 generally dominates X1. 

 

5.1 Modified Dominance Analysis  

 Now we will use the same sample, split the predictors into two groups each group with 

three variables according to the direct effect, and run a Dominance Analysis for each group.  
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 As the univariate correlation between predictor and criterion are predefined, so after 

arranging the predictors in ascending order 𝑋1𝑋2𝑋3𝑋4𝑋5, 𝑋6. We will split the predictors 

into two groups in such that the first group contains predictors 𝑋1𝑋2𝑋3, and the second 

group contains predictors 𝑋4𝑋5, 𝑋6. We run a separate dominance analysis for each group. 

The results appeared below in Table 5. 

 

Table 5 

Dominance Analysis for the First Group with Three Predictors 

  Additional Contribution 

 Subset Model (X) 𝝆𝟐Y.X 𝑿𝟏 𝑿𝟐 𝑿𝟑 

Null and k=0 0.012 0.018 0.05 

𝐗𝟏 0.012  0.015 0.043 

𝐗𝟐 0.018 0.009  0.046 

𝐗𝟑 0.05 0.005 0.014  

𝑘 = 1  0.007 0.014 0.045 

𝐗𝟏𝐗𝟐 0.027   0.041 

𝐗𝟏𝐗𝟑 0.055  0.012  

𝐗𝟑 𝐗𝟑 0.063 0.004   

𝑘 = 2  0.004 0.012 0.041 

𝐗𝟏𝐗𝟐 𝐗𝟑 0.067 - - - 

Overall Average 0.008 0.015 0.045 

Note: The column labeled 𝜌2
𝑌.𝑋 

 represents the variance in Y explained by the model 

appearing in the corresponding row. Columns labeled 𝑋𝑖 contain the additional 

contributions to the explained variance gained by adding the column variable (𝑋𝑖) 

to the row model. Blank cells indicate that data are not applicable. 

 

 We perform Dominance Analysis for the first group which now contains the three 

variables 𝑋1, 𝑋2 and 𝑋3. Table 5 shows the average additional contributions for 𝑋1, 𝑋2  

and X3 are 0.008, 0.015 and 0.045 respectively. These values give rise to the general 

dominance hierarchy of 𝑋3> 𝑋2> 𝑋1. Given this structure, we can say that 𝑋3 generally 

dominates 𝑋2, 𝑋2 generally dominates X1. Because of the transitivity property of 

dominance, we can say that 𝑋3 will dominate 𝑋2 and 𝑋1. 𝑋2 will dominate 𝑋1. 𝑋1, however, 

will not generally dominate any of the other variables. This hierarchy is the same as 

classical dominance analysis. 
 

 The following step is to perform Dominance Analysis for the second group which  

now contains the three variables 𝑋4, 𝑋5, and 𝑋6. And the result of Dominance Analysis 

appears in Table 6.  
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Table 6 

Dominance Analysis for the Second Group with Three Predictors 

  Additional Contribution 

Subset Model (𝑋) 𝝆𝟐𝑌. 𝑋 𝑿𝟒 𝑿𝟓 𝑿𝟔 

Null and k=0 0.063 0.107 0.107 

𝐗𝟒 0.063  0.091 0.091 

𝐗𝟓 0.107 0.046  0.088 

𝐗𝟔 0.107 0.047 0.089  

𝑘 = 1  0.046 0.09 0.089 

𝐗𝟒𝐗𝟓 0.153   0.077 

𝐗𝟒𝐗𝟔 0.153  0.077  

𝐗𝟓𝐗𝟔 0.195 0.035   

𝑘 = 2  0.035 0.077 0.077 

𝐗𝟒𝐗𝟓𝐗𝟔 0.23 - - - 

Overall Average 0.048 0.091 0.091 

Note: The column labeled 𝜌2
𝑌.𝑋 

 represents the variance in Y explained by the model 

appearing in the corresponding row. Columns labeled 𝑋𝑖 contain the additional 

contributions to the explained variance gained by adding the column variable (𝑋𝑖) 

to the row model. Blank cells indicate that data are not applicable. 
 

 As shown in Table 6 the additional contributions for 𝑋4, 𝑋5, and 𝑋6 are 0.048, 0.091 

and 0.091. These values give rise to the general dominance hierarchy of 𝑋6> 𝑋5> 𝑋4. Given 

this structure, we can say that 𝑋6 generally dominates 𝑋5, 𝑋5 generally dominates 𝑋4. 

Because of the transitivity property of dominance, we can say that 𝑋6 will dominate 

𝑋5 and 𝑋4. 𝑋5 will dominate 𝑋4. 
 

 If we combine the results for the previous two tables and as we will get a general 

dominance hierarchy of 𝑋6 > 𝑋5 > 𝑋4 > 𝑋3 > 𝑋2 > 𝑋1, which is identical to the hierarchy 

of the full model.  

 

5.2 Bootstrapping Procedure  

 To evaluate the robustness of our results, we can use bootstrap analysis (Azen and 

Budescu, 2006). We applied a bootstrap analysis method with 𝑅2 as a fit index and for 

precise results, we run 1000 replications. We get the following result for the two groups: 
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Table 7 

The First Group Bootstrapping Result 

Dominance 𝒊 𝒌 𝑫𝒊𝒋 m𝑫𝒊𝒋 SE.𝑫𝒊𝒋 𝑷𝒊𝒋 𝑷𝒋𝒊 𝑷𝒏𝒐𝒊𝒋 𝑹𝒆𝒑 

Complete 𝑋1 𝑋2 0 0.216 0.3748 0.158 0.726 0.116 0.726 

Complete 𝑋1 𝑋3 0 0.003 0.0499 0.002 0.996 0.002 0.996 

Complete 𝑋2 𝑋3 0 0.021 0.1326 0.015 0.973 0.012 0.973 

Conditional 𝑋1 𝑋2 0 0.216 0.3748 0.158 0.726 0.116 0.726 

Conditional 𝑋1 𝑋3 0 0.003 0.0499 0.002 0.996 0.002 0.996 

Conditional X2 𝑋3 0 0.021 0.1326 0.015 0.973 0.012 0.973 

General X1 𝑋2 0 0.215 0.411 0.215 0.785 0 0.785 

General X1 𝑋3 0 0.003 0.0547 0.003 0.997 0 0.997 

General X2 X3 0 0.018 0.133 0.018 0.982 0 0.982 

Note: Fit index: 𝑅2 
 

 Table 7 presents the results for the bootstrap analysis for the first group. 𝐷𝑖𝑗  shows the 

original result, and 𝑚𝐷𝑖𝑗, the mean for 𝐷𝑖𝑗  on bootstrap samples and SE. 𝐷𝑖𝑗 its standard 

error. 
 

 𝑃ij is the proportion of bootstrap samples where i dominates j, 𝑃𝑗𝑖  is the proportion of 

bootstrap samples where j dominates i and 𝑃𝑛𝑜𝑖𝑗 is the proportion of samples where no 

dominance can be asserted. Rep is the proportion of samples where original dominance is 

replicated. We used reproducibility to show the stability and robustness of dominance 

patterns. (Azen & Budescu, 2003; Azen & Traxel, 2009) suggested that reproducibility 

values under 70% might indicate that the relationship observed in the sample may not hold 

in the population. 
 

 We can see that the value of complete, conditional and general dominance for 𝑋1𝑋2𝑋3s 

are strongly robust overall variables, as Rep is grater than 0.7. 

 

Table 8 

The Second Group Bootstrapping Result 

Dominance 𝒊 𝒌 𝑫𝒊𝒋 m𝑫𝒊𝒋 SE.𝑫𝒊𝒋 𝑷𝒊𝒋 𝑷𝒋𝒊 𝑷𝒏𝒐𝒊𝒋 𝑹𝒆𝒑 

Complete 𝑋4 𝑋5 0 0.013 0.094 0.005 0.979 0.016 0.979 

Complete 𝑋4 𝑋6 0 0.0345 0.1691 0.025 0.956 0.019 0.956 

Complete 𝑋5 𝑋6 0.5 0.506 0.4819 0.47 0.458 0.072 0.072 

Conditional 𝑋4 𝑋5 0 0.013 0.094 0.005 0.979 0.016 0.979 

Conditional 𝑋4 X6 0 0.0345 0.1691 0.025 0.956 0.019 0.956 

Conditional 𝑋5 X6 0.5 0.506 0.4819 0.47 0.458 0.072 0.072 

General 𝑋4 𝑋5 0 0.01 0.0995 0.01 0.99 0 0.99 

General 𝑋4 𝑋6 0 0.035 0.1839 0.035 0.965 0 0.965 

General 𝑋5 𝑋6 1 0.509 0.5002 0.509 0.491 0 0.509 
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 Table 8 presents the results for the bootstrap analysis for the first group. 𝐷𝑖𝑗  shows the 

original result, and 𝑚𝐷𝑖𝑗, the mean for 𝐷ij on bootstrap samples and SE.𝐷𝑖𝑗  its standard 

error.  
𝑃𝑖𝑗  is the proportion of bootstrap samples where i dominates j, 𝑃𝑗𝑖  is the proportion of 

bootstrap samples where j dominates i and 𝑃𝑛𝑜𝑖𝑗 is the proportion of samples where no 

dominance can be asserted. Rep is the proportion of samples where original dominance is 

replicated. 
 

 We can see that the value of complete, conditional and general dominance for 𝑋4𝑋5𝑋6 

are strongly robust as Rep is grater than 0.7, except 𝑋5𝑋6 as they are with equal correlation 

with the creterion, so the dominance cannot be determine. 

 

6. CONCLUSION 
 

 Overall, results from this study indicate that dominance analysis can be modified to 

save time and effort, and also eliminate many redundant data when performing it and with 

the same efficiency as a tool for researchers wishing to determine the relative contribution 

of predictors. As shown the great weakness of Dominance Analysis is that as the number 

of analyzed predictors will increase, it turns into extra computationally hard because of the 

exponentially growing number of sub-models involved. Therefore, we try to overcome this 

weakness by the following steps: First: We examine the predictor’s direct effect. Second: 

when we obtain the predictors' direct effect from the first step we arrange predictors in an 

ascending or descending order according to their direct effect. Third: After arranging the 

predictors, we split the predictors into two or more groups according to the predictor’s 

direct effect. This step is aiming to reduce the number of sun-models obtained which is as 

mentioned earlier increase exponentially as the number of predictors increase. Forth: we 

run a separate Dominance Analysis for each group. Fifth: We get the dominance weight 

for the whole variables. A simulation study has been conducted, we use the bootstrapping 

technique and used reproducibility to show the stability and robustness of dominance 

patterns. The result for the new technique shows an identical result for classical general 

dominance and we get 14 sub-model instead of 63 sub-model. This is a huge reduction in 

sub-models, which will lead to saving effort and eliminate many redundant data. With the 

modified technique for a 10 predictor’s model, we will get a 62 sub-model instead of 1024 

sub-model. This technique will lead to saving effort and eliminate many redundant data.  
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