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A B S T R A C T 

This paper presented a study of the analysis of the mediation of a multi-model and the 
knowledge of the role of these variables in the transfer of the effect of the independent 
variable to the dependent variable. In this article, the delta method was used to estimate the 
standard error and because this method violates a number of assumptions, especially with 
small sampling sizes, the method of shoeboxes was used to overcome such problems. 
According to the results obtained from the application for this model, it was found that the 
shoe bass method is better than the Delta method according to numerical results. 

MSC. 

Research Goal  

This search is used to study the simple and multilevel mediation model and estimation of direct and indirect impacts 

using Ordinary Least Squared  (OLS)  estimation method & boot- strapping Via a set of medical data specific to each 

model . 

 

1 . Introduction"" 
 

Most research in medical, social and economic sciences focuses on the relationship between two variables where the 

first variable is the independent X (causal variable) and the second variable is the Y (variable response) , When 

adding a third variable  (M)  it may be more difficult as the new variable is an intermediary between the 
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independent variable X and the variable Y, which is called the mediation variable (M). The simplest form of 

mediation is the addition of the variable M which explains the effect of the variable X on the variable of the result Y, 

in which case the  independent variable x is the reason for the occurrence of the mediation variable (M) which in 

turn causes the result variable Y  ie  that  X→M→Y (D. P. MacKinnon, Fairchild, & Fritz, 2007) (Grotta & Bellocco, 

2012).  

In this article we will study the multiple mediation model with its applications. The simplest forms of multiple 

mediation consists of two intermediaries working to transfer the effect from the independent variable to the 

dependent variable and the following figure illustrates the relationship between these variables. 

  

    The first mediation 

                  Variable 

                                      

             

 

  

 

   independent variable                                                                                                                     The dependent                                   
                                                                                                                                                                          variable        

                                                                                                                           

 

           

                            

                                                                                                                         

                                                                                   The second mediation 

                                                                                              variable 

 

 

Figure 1: Schematic of a multiple mediation model using two variables. 

 

Most studies are interested in determining or knowing the mechanism in which the independent variable affects the 

dependent variable, mediation analysis is the most widely used method where it involves the installation of a series 

of linear regression models  in the framework of structural equation modeling (SEM) (Baron & Kenny, 1986). 

Mediation analysis was used to investigate and study the relationships between a wide range of variables in 
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nutrition research in the American Journal of clinical Practice (Blood Fat Ratio) BMI was selected  (BMI) as an 

intermediary, like  (red meat intake, amount calories) on a number of health outcomes (liver cancer, pregnancy 

complications, risk of arterial disease) (Wu et al., 2003) (Wittenbecher et al., 2015) (Jacobs et al., 2015) 

(Aleksandrova et al., 2015).  

           The research group conducted in the literature of nutrition in the field of mediation analysis shows the wide 

use of this technique in modern research, one of the most cited articles is an article  (Baron & Kenny, 1986) . On the 

impact of mediation and moderation however, many of the references dealt with the basic principles on the analysis 

of mediation (Krause et al., 2010) (Kenny, 2016) (Imai, Keele, & Tingley, 2010) (Miočević, MacKinnon, & Levy, 

2017). 

            The frequent use of mediation in research and recent articles is evidence of the importance and value of 
mediation as a tool for understanding important and fundamental processes.  The study carried out by the personal 
and psychosocial bulletin (PSPB) for each experimental article in 2007 and for a period of six months. This study 

showed that 41% in at least one study is a mediation test (Kashy, Donnellan, Ackerman, & Russell, 2009). 

             In 2011-2012 bulletin 16% of articles in the psychological Sciences of mediation analysis (Hayes & Scharkow, 
2013), Journal of personal and social psychology JPSP included 59% of articles and 65% of PSPB in mediation 
testing where the study period was from 2005-2009 (Rucker, Preacher, Tormala, & Petty, 2011) (Baron & Kenny, 
1986) . As we mentioned, the article (Baron & Kenny 1986) is the most cited article in the field of mediation, where 

the statistics of web of science that the number of citations reached 20,326 in June of 2013 (Yanai, Okada, 
Shigemasu, Kano, & Meulman, 2013). 

"2- Multiple Mediator Model 

When studying any process between two variables, it is possible that there is a set of mediation variables in that 
process. When using a single mediation model, a number of other intermediaries are neglected and these variables 
may be of great importance to change the results (Briggs, 2006).The researcher uses a multi-mediation model when 

he has a set of variables that transfer the effect from the     independent variable to the dependent variable. multiple 
mediation model can be uses by few  researchers to compare with the single mediation model this is due to the 
ambiguity of analytical methods as well as the difficulty of multiple mediation models, from the few authors who use 

the multiple model  (Cheung, 2007) (West & Aiken, 1997) (D. P. MacKinnon, 2000). 

            Examples of the multi-modal model are the study done by (Wen, 2013) ,which is to learn methods of teaching 
at the student level, the researcher used three mediators (student confidence level, student motivation level, student 
cooperation level)  Assuming that the independent variable is the teacher's experience , and  the dependent variable 
is the student achievement. (Preacher & Hayes, 2008) also developed a number of advantages to define and test a 

multi-mediation model: 

1- Testing the effect of mediation of the independent variable on the dependent variable is similar to the regression 
analysis with several predictions, with a view to whether there is a comprehensive impact.   

2- It is possible to identify the intermediaries that transfer the effect from the independent variable to the result 

variable. 

3-When more number of intermediaries are included in the multi-mediation model this leads to a reduction of bias 
in the parameters, in the case of a single mediator model, these models may suffer from the problem of the deleted 

variables, which leads to the estimation of the biased parameters. 

4- Put many intermediaries in one model allows the researcher to determine the relative size of the effects of 

mediation. 

               Researchers differ in naming variables used in mediation analysis (D. MacKinnon, 2012). describes the 

mediator as the variable that conveys the effect of causal advances on its descendant. Mediation variables are also 

3 



Zain. Al Hussain/ Ahmad N. Flaih                                                                                                                                                  JQCM - Vol.11(4) 2019 , pp Stat.1–20      

 

 

called operations because they describe the process that an  independent variable effects on a child variable (Judd & 

Kenny, 1981) , they are called alternative or intermediate ends in medical literature (Prentice, 1989). The purpose 

of these different labels is to have the names of the variables accurate about the data used and the nature of the 

study.  

            In our study we will use a description of the variables as an  independent variable, an intermediate variable, 

and a dependent variable. Mediation analysis is a way to increase the information obtained from research studies 

when mediation tracks are available. There are three main ways to analyze statistical intermediation (D. P. 

MacKinnon, 2000): 

1- Causal steps 

2- Difference in transactions 

3- Transaction output 

 

3- Mediation for Interpretation and Design   

             There are two main uses of the mediating variables in research studies. The first of these uses is the 

interpretation, when a relationship is created between the  independent variable X and the dependent variable Y, 

the researchers work to explain why the relationship between the two variables occurs. In this case, the purpose of 

the mediation analysis is to investigate the processes underlying the relationship between the two variables, 

examples of this use is the analysis of mediation in psychology as well as in sociology (Lazarsfeld, 1955).  

             The second method of mediation works to identify the pre-mediated variables related to the dependent 

variable, rather than explaining the relationship between two variables. In determining these mediation 

mechanisms, manipulation is designed to change with the selected mediation variables. If the correlation is correct 

between the mediation variables and the result in this case, manipulation of the mediator leads to a change in the 

result variable. Recently, the use of mediation in various studies using the design approach has increased because of 

the usefulness of this approach in applied research.  

            Mediation in interpretation is more commonly used in basic research to explain the apparent relationship 

between two variables. Design mediation is of primary use in applied empirical studies  (D. MacKinnon, 2012). 

4- Evaluating Mediation Utilize Regression Equation 

In order to investigate the mediation of a binary mediation model, the following equations should be :  

  

                                 Y = i1 + CX + e1 ………… 1 

         

                                Y= i2 + C`X + b1M1 + b2M2 + e2 ……… 2 

 

4 
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                                M1= i3 + a1X + e3 ……………3 

 

                                 M2= i4 + a2X + e4 ……… 4  

 

Where  Y: is the dependent variable.  

X: is the  independent variable. 

 M1,M2: are the mediation variables. 

 C`: The parameter that links the independent variable to the dependent variable under the influence of the 

mediation variables.  

C: The parameter that links the  independent variable with the dependent variable on the absence of the mediation 

variables. 

 a1: represents the parameter that links the independent variable with the first mediation variable. 

 a2: represents the parameter that links the independent variable with the second mediation variable.  

b1: The parameter that links the first mediation variable with the dependent variable.  

b2: The parameter that links the second mediation variable and the dependent variable. 

 e1, e2, e3: represents the  errors and their resolutions i1, i2, i3, equation 1 represents the estimation of the direct 

effects of the absence of the intermediation variables. equations 2,3,4 are used to estimate the indirect effect, which 

determines the mediation model in figure (1) (D. MacKinnon, 2012). 

The Total Effect -5 

          In the multi-mediation model shown in figure (1), that contains two mediation variables, the total effect is the 

sum of the direct effect of parameter C` and the indirect effect of the M1, M2 (Hayes, 2009). 

                          Total effect = C` + a1b1 + a2b2    

6- Mediation Effects 

            The overall effect can be divided into direct effects of parameter C` and indirect, represented by the effects of 

the medium a1b1, a2b2. in the analysis of the mediation, it should be   a1b1 + a2b2 = C - C`. in the case of inequality, 

the reasons are due to differences in sample sizes between the equations. the parameters of the above models are 

estimated using different methods, including the smaller squares method (Preacher & Hayes, 2008). 

7- Significance Test and Confidence Intervals for Mediation Effects 

           One of the most widely used methods to test significance of the effect of mediation (ab) is to estimate the 

standard error and compare the resulting Z- scores with the critical value of standard normal distribution (D. P. 

MacKinnon, Lockwood, & Williams, 2004). Also the standard error and the estimated mediation effect can be used to 

build confidence intervals (C.I) for the mediation effect, its well know that the (C.I) used the standard error in 

estimation, for this reason, we note that (C.I) used  possibly to provide a number of effect values instead of a single 

value .Confidence intervals are popular tools used in research because they require the researcher to consider the 

value of the effect as well as its statistical significance (Harlow, n.d.) . In order to test the significance of the indirect 

5 
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effect (median), we need to find the standard error of the sample through the intermediary (ab).The most widely 

used tests to estimate the standard errors of the indirect effect are as follows:  

7-1  Steps to Establish Mediation 

              As we mentioned in the single mediation model, the multiple mediation model contains a set of steps but 
more broadly. 

Step 1: The  independent variable X should affect the Y result variable through parameter C` as shown in equation 1. 

Step 2: The independent variable X must affect both intermediaries M1, M2 by landmarks a1, a2 and shown in 
equations 3 and 4. 

Step 3: Mediation variables should affect the dependent variable  Y after controlling the independent variable X by 
factors b1, b2, as shown in equation 2. 

Step 4: The effect of the     independent variable X on the dependent variable Y should be unimportant (direct effect 

C`) to achieve full mediation as in Equation 2, but if there is an independent variable effect on the dependent 

variable  C` there will be partial mediation (Wen, 2013). 

7-2  Product of Parameter Coefficients Testing 

The standard error formula for the internal effect of the multiple mediation model is the same as the one used in the 

single mediation model where  the standard error is given as below : 

                          Sa1b1    = √      
   

     
     

    

Other formulas for standard error can be used for a multiple mediation model which differs from that described in 

the single mediation model in the mediation variables where : 

 

        Sa1b1 + Sa2b2   √      
   

     
    

        
   

      
    

                     

The equation above can be rewritten as follows : 

 

                    Sa1b1 + Sa2b2 = √       
         

                     

 

2b1b2         of the equations above should be added when there is a non-zero variation between  a1, a2 . 

Where       represents the common variation. 

 

In the case of the total effect of the broker, the standard error is given as follow : 

 

                        √  
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Estimation of the median effect and standard error can be used to construct confidence limits as in equations (2 -3-7-
2) for similar periods (D. MacKinnon, 2012). 

7-3  Bootstrapping 

             In many situations the sample size is not enough to study,  this is one of the problems facing researchers in 
many studies and to overcome this problem,  bolger & shrout suggested in 2002, the use of Bootstrapping method . 

Where the Delta Method to estimate the standard error does not work well when the sample size is not sufficient 
large .This limitation leads to use the Bootstrapping resampling method. 

          The Bootstrapping can be used to find the standard errors of the estimated parameter when the sampling 
distribution of the estimated parameter is unknown, as well as Bootstrapping can be used to assess the accuracy of 
the estimated model and to assess its prediction accuracy (Wen, 2013). 

             The Bootstrapping method is one of the common ways of estimating the indirect effects. Bootstrapping 
depends on the restructuring with the replacement of a large number of times. Meaning that if we have a sample of 
size n the bootstrapping process is performed by taking K of the samples with the repetition and the replacement 

process from the original sample size and preferably K = 1000 at least (Preacher & Hayes, 2008).  

             Each sample has its own characteristics, such as the medium as well as estimating the indirect effects of each 
sample.  This method is used to conduct sample distributions as a basis for confidence intervals and hypothesis 
testing (Keeny,2018). 

              In this model data were used for rheumatoid arthritis Where data was collected from the Marjan Educational 

Hospital in Babylon, Data were obtained through follow-up of monthly examinations of people with the disease who 

are taking therapy Methotrexate (MTX) treatment, a sample of 40 patients was collected During 2018 records of 

patients in the hospital. Treatment (MTX) was used as an independent variable (X) and the effect of treatment on 

the disease directly as a variable first mediation (M1), The effect of treatment on the liver directly (reduced the ratio 

of the Album) as a second mediation variable (M2), and the effect of treatment on the kidney directly (causing the 

increase of urea) as a dependent variable (Y). 

 

 

 

 

 

 

 

 

 

 

MTX    

   RA     

 the   
Liver 

the Kidney 
C`
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  Figure(2): the  pathway  between the effect of Methotrexate MTX    (X) and Rheumatoid Arthritis  (RA)  (M1) and 

the Liver function (M2) and the Kidney function (Y) .  

8- Mediation Analysis of  Rheumatoid Arthritis Data  

  - A-   Causal procedure strategy to Establish mediation                                                                           We check 

the correlation between the effect of Methotrexate MTX    (X) and Rheumatoid Arthritis  RA  (M1) and the liver 

function (M2) and the kidney function (Y) by tracking the relationship path using the correlation matrix as shown in 

the bellows : 

 M1 M2 X Y 

M1 1 -0.30499869 -0.0473036 0.1402038 

M2 -0.30499869 1 0.04340307 -0.1206272 

X -0.04730367 0.04340307 1 0.4621566 

Y 0.14020385 -0.12062718 0.46215660 1 

Table (1) : Correlation matrix among independent variable, dependent variable and mediators.  

The correlation matrix shown in table 3.11 shows a correlation between methotrexate and renal function ( 0.4621), 

There is also a correlation between methotrexate and liver function (0.0434). There is also a correlation between 

methotrexate and rheumatoid arthritis (-0.0473). There is also a correlation between Rheumatoid Arthritis (RA) 

and renal function rate (0.1402), and there is another correlation between renal function and liver function (-

0.1206). 

-B- Product of Coefficient Approach  

        When using lm regression method results in R programs ,we have the following estimates of proposed model :  

             Y = i1 + CX + e1   …………………. Equation I 

Equation I shows the total (direct) effect of the treatment (MTX)  on the kidney. 

             Parameters  ̂ 

8 
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Estimate 4.0748 

Std. Error 0.2065 

T value 19.73 

Pr(>|t|) <2e-16 

C.I 4.479-3.670               

 

 

 

 

 

 

Table (2): Estimates total effect (Direct effect)  ̂  . 

From table (3.12) we observe the total effect estimate (Direct effect) of the treatment (MTX) on kidney function at a 

rate of (4.0748) and a standard error at a rate of (0.2065) and there is a significant effect p<0.05. 

 The total error in the model was estimated at (14.13), and with a coefficient of determination of  (0.9089), ie that it 

is possible to determine (0.9089) of the change in the kidney function depending on the treatment (MTX)  , while the 

significance of the model in general is (p< 2.2e-16) This indicates a significant model.             

From table (3-12) we obtain the following estimations: 

Total effect ( ̂              ) =     4.0748   

 Std. Error (  ̂) = 0.2065  

Upper Confidences Limits (UCL) =    ̂              + Z*  ̂   

                                                         = 4.0748 + 1.96 (0.2065) = 4.479 

Lower Confidences Limits (LCL) =   ̂              - Z*  ̂ 

                                               = 3.670               

       Y = i2 + C`X + b1M1+b2M2+ e2  ………………………… Equation (II) 

Residual standard error 14.13 

Multiple R-squared 0.9089 

Adjusted R-squared 0.9066 

F-statistic 389.3 

p-value < 2.2e-16 

9 
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Equation (II) represents the effect of the treatment (MTX) on the kidney (partial  effect) with another indirect effect 

(Mediation effect) represented by  rheumatism (M1) and liver (M2). 

             Parameters  ̂`  ̂1  ̂2 

Estimate 1.6287 0.8646 10.1430 

Std. Error 0.3161 0.1241 3.4672 

T value 5.153 6.967 2.925 

Pr(>|t|) 8.79e-06 3.14e-08 0.00585 

C.I 2.248-1.00.1 1.107-0.621 16.94-3.35 

 

Residual standard error 8.439 

Multiple R-squared 0.9692 

Adjusted R-squared 0.9667 

F-statistic 387.9 

p-value < 2.2e-16 

Table (3): Estimates  Partial effect and The parameters   ̂ 1 and  ̂ 2 . 

From table (3.13) we observe the partial effect estimate of the treatment (MTX)  on kidney function at a rate of  

(1.6287) and a the standard error at a rate of (0.3161)   and estimate the effect of rheumatism (effect of mediation 

1) at a rate of by (0.8646) and a the standard error at a rate of  (0.1241) and estimate the effect of the liver (effect of 

mediation 2 ) at a rate of  by (10.1430) and a the standard error at a rate of (3.4672) , there is a significant effect 

where p<0.05 . 

The total error in the model was estimated at (8.439), and with a coefficient of determination of   (0.9692), ie that it 

is possible to determine (0.9692) of the change in the kidney function depending on the Rheumatism (RA) and the 

liver   , while the significance of the model in general is (p< 2.2e-16) This indicates a significant model. 

From table (3-13) we obtain the following estimations: 

Partial effect (  ̂ partial effect ) = 1.6287        

10 



Zain. Al Hussain / Ahmad N. Flaih                                                                                                                                                                  JQCM - Vol.11(4) 2019 , pp Stat .1–20

 

Std. Error (   ̂) = 0.3161    

Upper Confidences Limits (UCL) =     ̂partial effect + Z*   ̂  

                                                             = 1.6287+ 1.96 (0.3161) = 2.248 

Lower confidences limits (LCL) =     ̂partial effect -  Z*   ̂ 

                                                              = 1.00.1  

 ̂1 indirect effect = 0.8646      

 Std. Error (   ̂)  =  0.1241 

Upper Confidences Limits (UCL) =    ̂ 1 indirect effect  + Z*   ̂   

                                                               = 0.8646  + 1.96 (0.1241)  

                                                               = 1.107 

Lower Confidences Limits (LCL) =   ̂ 1 indirect effect  - Z*   ̂   

                                                              = 0.621 

 ̂ 2 indirect effect = 10.1430      

 Std. Error (   ̂)  =  3.4672 

Upper Confidences Limits (UCL) =    ̂ 2 indirect effect  + Z*   ̂   

                                                              = 10.1430 + 1.96 (3.4672)  

                                                              =16.938 

Lower Confidences Limits (LCL) =  ̂ 2 indirect effect  - Z*   ̂   

                                                                = 3.347 

              M1=i3 + a1X + e3 …………………………… Equation (III) 

Equation (III) represents the effect of treatment (MTX) on Rheumatism (RA)  in a manner direct . 

 

             Parameters  ̂ 1 

Estimate 2.1244 
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Std. Error 0.1647 

T value 12.9 

Pr(>|t|) 1.19e-15 

C.I 2.447-1.801 

 

Residual standard error 11.27 

Multiple R-squared 0.8101 

Adjusted R-squared 0.8053 

F-statistic 166.4 

p-value <1.193e-15 

Table (4): Estimates  parameter  ̂1 . 

From table (3.14) we observe the total effect estimate of treatment (MTX) In a manner direct on Rheumatism (RA) 

at a rate of (2.1244) and a the standard error at a rate of  (0.1647) , there is a significant effect where p<0.05 . 

The total error in the model was estimated at (11.27), and with a coefficient of determination of   (0.8101), Ie that it 

is possible to determine (0.8101) of the change in the Rheumatism (RA) depending on the treatment (MTX) , while 

the significance of the model in general is  (p< 1.193e-15) this indicates a significant model. 

From table (3-14) we obtain the following estimations: 

 ̂1 direct effect = 2.1244           

 Std. Error (   ̂) = 0.1647     

Upper Confidences Limits (UCL) =    ̂1 direct effect   + Z*   ̂  

                                                               = 2.1244+ 1.96 (0.1647)  

                                                               = 2.447 

Lower Confidences Limits (LCL) =   ̂1 direct effect   - Z*   ̂  = 1.801 

                  M2= i4 + a2X + e4 ……………………… Equation (IV) 

12 
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Equation ( IV ) represents the effect of treatment (MTX) on the kidney function  in a manner direct .  

             Parameters  ̂2 

Estimate 0.060080 

Std. Error 0.005894 

T value 10.19 

Pr(>|t|) 1.48e-12 

C.I 0.0713-0.049 

 

Residual standard error 0.4033 

Multiple R-squared 0.7271 

Adjusted R-squared 0.7201 

F-statistic 103.9 

p-value < 1.484e-12 

Table (5): Estimates  parameter  ̂2. 

From table (3.14) we observe the total effect estimate of treatment (MTX) In a manner direct on the kidney function 

at a rate of (0.060080) and a the standard error at a rate of  (0.005894) there is a significant effect where p<0.05 .  

The total error in the model was estimated at (0.4033), and with a coefficient of determination of  (0.7271), ie that it 

is possible to determine (0.7271) of the change in the  kidney function depending on the treatment (MTX)  , while 

the significance of the model in general is (p<1.484e-12) this indicates a significant model. 

From table (3-14) we obtain the following estimations: 

 ̂2 indirect effect = 0.060080              

Std. Error (   ̂) = 0.005894  

Upper Confidences Limits (UCL) =    ̂2 direct effect   + Z*   ̂  

                                                               = 0.060  + 1.96 (0.0058) = 0.0713 

Lower Confidences Limits (LCL) =   ̂2 direct effect   - Z*   ̂  

                                                              = 0.0486 

13 
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Standard error can also be calculated: 

 ̂1indirect effect     ̂1 indirect effect =  2.1244* 0.8646  

                  = 1.836756     

 ̂2 indirect effect * ̂2 indirect effect = 0.060080 *10.1430 

                                                 = 0.6093914       

           It was found that MTX (X) treatment significantly affected renal function (Y) ( ̂direct effect   = 4.0748, Std. Error 

(  ̂)  = 0.2065,   ̂ = 19.73), providing evidence of a statistically significant intervention effect at 4.0748 units. The 

effect of MTX (X) was statistically significant for both RA ( ̂1 indirect effect = 2.1244, Std. Error (   ̂) = 0.1647, and    ̂ = 

12.9). As well as on liver function (M2) 

(   ̂ = 10.19,  ̂2 indirect effect = 0.060080, Std. Error (   ̂) = 0.005894).  

The effect of rheumatoid arthritis was also statistically significant 

 ( ̂1 indirect effect = 0.8646, Std. Error (   ̂) = 0.1241,    ̂ = 6.967), The results of liver function also showed a statistically 

significant effect ( ̂2 indirect effect = 10.1430, Std. Error (   ̂) = 3.4672,    ̂ = 2.925). 

          The treatment of MTX has had a difference in the proportion of rheumatoid arthritis as well as a change in the 

proportion of liver function, leading to a change in renal function. Where the effect was statistically significant 

 (Partial effect (  ̂partial effect  ) = 1.6287, Std. Error (   ̂) = 0.3161,    ̂) = 5.153). 

As well The average effect   equal: 

  ̂1 indirect effect *  ̂1 indirect effect +  ̂2 indirect effect *  ̂2 indirect effect = 1.836756 + 0.6093914 =2.4461 

 ̂direct effect  -   ̂partial effect  = 4.0748 - 1.6287 = 2.4461 

So 

 ̂1 indirect effect *  ̂1 indirect effect +  ̂2 indirect effect *  ̂2 indirect effect =  

  ̂direct effect  -   ̂partial effect  

The median effect of MTX therapy through changes in both rheumatoid arthritis and liver function was 2.4461 renal 

function change units. 
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 Standard errors can be calculated using the standard error equation to estimate the mean effect as shown in the 

following: 

  ̂   ̂ = √     ̂
  ̂ 

     ̂ 
   

  ̂
   

    = √                                               

  = 0.2996376  

 

  ̂   ̂ = √     ̂
  ̂ 

     ̂ 
   

  ̂
   

  √                                                   = 

                 = 0.2167182 

  ̂   ̂+   ̂   ̂= √   
 ̂  ̂ 
      

 ̂  ̂ 
            ̂   ̂   

                      =√                                                        

=  0.5379259 

The confidence limits were as follows: 

Upper Confidences Limits (UCL) = Mediated effect + Z*  ̂   ̂ 

                                                              =  2.4461+ 1.96 (         ) 

                                                               =  3.03339 

Lower Confidences Limits (LCL) = Mediated effect – Z*  ̂   ̂ 

                                                              = 2.4461- 1.96 (         ) 

                                                               = 1.85881 

Upper Confidences Limits (UCL) = Mediated effect + Z*  ̂   ̂ 

                                                              =  2.4461+ 1.96 (          ) 

                                                              =  2.870868 

Lower Confidences Limits (LCL) = Mediated effect – Z*  ̂   ̂ 

15 



Zain. Al Hussain/ Ahmad N. Flaih                                                                                                                                                  JQCM - Vol.11(4) 2019 , pp Stat.1–20      

 

 

                                                               = 2.4461- 1.96 (          ) 

                                                                = 2.021332 

        All results show that there is statistical significance and significance of the effect of the variables (MTX, 

rheumatoid arthritis, liver function, renal function) 

                                                                                      RA 

 

                                                        

 

  

MTX                                                                                                                                               Kidney 

 

             

                                                                                   The Liver 

 

Figure(3): Shows estimates of variables on the chart . 

- C - Bootstrapping Estimation  

Either when using the bootstrapping method be estimate the intervals of confidence as follows : 

            In order to obtain more accuracy, in bootstrapping, I chose to take 1500 samples of 5,000  cases with 

replacement from the original sample and calculated each mediated effect. Appendix includes the R code with 

sample command of Bootstrapping. 

  ̂   4.0748 
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Figure (4): The diagram of the effect is shown by the kidneys. The red lines represent the minimum and the highest 

for every 95% of the confidence interval. 

The above diagram shows the confidence interval for the first mediation variable (Rheumatoid Arthritis) with a 

confidence interval of 95%. Since the period is limited between (1.3 - 2.4), ie, zero does not belong to this period, it 

can be said that the effect of the mediation variable is different from zero and therefore there is an effect for this 

variable. 
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Figure(5): The diagram of the effect is shown by the liver. The red lines represent the minimum and the highest for 

every 95% of the confidence interval. 

The above diagram shows the confidence interval for the second mediation variable of (The Liver) with a confidence 

interval of 95%. Since the period is limited between (0.2 - 1.1), ie, zero does not belong to this period, it can be said 

that the effect of the mediation variable is different from zero and therefore there is an effect for this variable. 

9- Conclusion 

             We can conclude from the results obtained from analyzing the data of the multiple mediation model of 

rheumatoid arthritis in the previous chapter on the following: 

1- The effect of the independent variable (MTX) on the dependent variable (renal function) (total effect) is 

significant and at a rate of (4.0748). 

2- The effect of the independent variable (MTX) on the dependent variable (renal function) (partial effect) with   

mediation variable a presence is significant and at a rate of (4.0748). 
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3 - Effect of the first mediation variable (rheumatoid arthritis) on the dependent variable (renal function) is 

significant and by at a rate of (0.8646). 

4- The effect of the second mediating variable  (liver function) on the dependent variable (renal function) is 

significant and by at a rate of (10.1430). 

                  By observing the correlation between the studied variables and the estimation of the parameters, as well 

as the estimated trustworthiness, it turns out that the method of shoeboxes is better than striking the transactions. 
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