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 Mediation 
 
Fundamentals 
 
   - Mediation refers to the transmission of the effect of an independent variable on a 

dependent variable through one or more other variables.  These variables are 
termed mediator or intervening variables. 

 
   - In the language of path analysis, mediation corresponds to an indirect effect of an 

independent variable on a dependent variable that passes through one or more 
mediator variables.  An indirect effect is calculated by multiplying the paths that 
constitute the effect.  The magnitude of the indirect effect indicates the amount of 
mediation through the relevant mediator variables. 

 
   - Mediation can be either complete or partial. 
 
    * With complete mediation, the entire (or total) effect of an independent 

variable on a dependent variable is transmitted through one or more 
mediator variables.  Thus, the independent variable has no direct effect on 
the dependent variable; rather, its entire effect is indirect. 

 
    * With partial mediation, an independent variable has both direct and 

indirect effects on a dependent variable.  The direct effect is not mediated, 
whereas the indirect effect is transmitted through one or more mediator 
variables. 

 
   - Mediation can refer to a single mediator variable or multiple mediator variables. 
 
    * Multiple mediator variables can operate jointly at the same stage in a 

causal model, such that there are several indirect effects linking an 
independent variable to a dependent variable. 

 
    * Multiple mediator variables can be linked sequentially, such that the 

indirect effect of an independent variable on a dependent variable operates 
through a chain of mediator variables. 

 
 These two possibilities can be combined to form complex causal models with 

both simultaneous and sequential mediation. 
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Methods for Analyzing Mediation 
 
   - The most common approach to analyzing mediation is the causal steps procedure 

popularized by Baron and Kenny (1986).  This approach involves the following 
set of regression equations relating the independent variable, mediator variable, 
and dependent variable: 

 
 Y = b01 + cX + e1 (1) 

 
 M = b02 + aX + e2 (2) 

 
 Y = b03 + bM + c'X + e3 (3) 

 
 Eq. 1 corresponds to the model in Figure 1, and Eqs. 2 and 3 are represented by 

the model in Figure 2. 
 
   - Results from these equations are used to evaluate the following conditions for M 

as a mediator of the relationship between X and Y: 
 
    * The independent variable X should relate to the dependent variable Y, 

such that c in Equation 1 is significant.  This condition is used to establish 
that there is a relationship between X and Y to be mediated. 

 
    * The independent variable X should relate to the mediator variable M, such 

that a in Equation 2 is significant.  This condition establishes the first stage 
of the mediated effect. 

 
    * The mediator variable M should relate to the dependent variable Y, such 

that b in Eq. 3 is significant.  This condition establishes the second stage 
of the mediated effect. 

 
    * The independent variable X should no longer relate to the dependent 

variable Y after the mediator variable M is controlled, such that c' in Eq. 3 
is not significant. This condition shows that the relationship between X 
and Y examined under the first condition disappears when the mediated 
effect transmitted through M is taken into account. 

 
 Satisfying all four conditions provides evidence for complete mediation, whereas 

satisfying the first three conditions indicates partial mediation. 
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   - Although the causal steps procedure is widely used, it suffers from several 
shortcomings that can yield erroneous conclusions regarding the presence or 
absence of mediation.  These shortcomings are summarized as follows. 

 
    * An independent variable can have countervailing direct and indirect effects 

on a dependent variable, such that the effects have opposite signs.  If the 
direct and indirect effects are approximately equal in magnitude, then the 
first condition for mediation might not be satisfied, despite the presence of 
a mediated effect linking the independent and dependent variables.  This 
possibility raises questions regarding the need to satisfy the first condition 
of the causal steps procedure. 

 
    * When an independent and dependent variable are linked by multiple 

mediator variables, the first condition for mediation might not be satisfied 
even though each link in the causal chain differs from zero.  This 
possibility again raises questions regarding the need to satisfy the first 
condition of the causal steps procedure. 

 
    * When testing the relationship between the mediator variable and the 

dependent variable, controlling for the independent variable can reduce 
this relationship to nonsignificance.  For this reason, some researchers 
have argued that the test of the relationship between the mediator variable 
and the dependent variable should exclude the independent variable 
(assuming a complete mediation model is hypothesized).  The fourth 
condition for mediation could then be assessed by determining if the fit of 
the model would improve if a path from the independent variable to the 
dependent variable were added to the model. 

 
    * Controlling for the mediator variable can reduce the relationship between 

the independent and dependent variables to nonsignificance even when the 
reduction in this relationship is small.  As a result, the fourth condition can 
be satisfied when the magnitude of the mediated effect is trivial.  This 
shortcoming can be addressed by reframing the fourth condition as the 
degree to which controlling for the mediator variable reduces the 
relationship between the independent and dependent variables.  When the 
mediator variable is excluded, this relationship is the total effect of the 
independent variable on the dependent variable, and when the mediator 
variable is included, this relationship is the direct effect of the independent 
variable.  Given that the total effect equals the sum of the direct and 
indirect effects: 

 
 TE = DE + IE (4) 
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  It follows that the difference between the total and direct effects is the 
indirect effect: 

 
 IE = TE – DE (5) 
 
  This equality can be expressed in terms of the regression equations used in 

the causal steps procedure as follows: 
 
 ab = c – c' (6) 
 
  As shown in this expression, the indirect effect of X on Y transmitted 

through M is the product of the coefficient linking X to M times the 
coefficient linking M to Y.  Hence, the reduction of the relationship 
between the independent variable and dependent variable when the 
mediator variable is controlled is equivalent to the indirect effect of the 
independent variable on the dependent variable transmitted through the 
mediator variable. 

 
    * The causal steps procedure does not yield an estimate of the size of the 

mediated effect.  As shown above, this effect can be computed as the 
product of paths a and b or as the difference between paths c and c'.  
Although this quantity can be readily obtained from results obtained 
through the causal steps procedure, it is not part of the criteria used to 
establish mediation. 

 
    * The criteria for mediation associated with the causal steps procedure are 

difficult to apply when multiple mediator variables are involved.  For 
instance, evidence for the second criterion, which involves the relationship 
between the independent and mediator variables, can differ depending on 
which mediator variable is under consideration.  Likewise, evidence for 
the third criterion, which concerns the relationship between the mediator 
and dependent variables, can vary according to the mediator variable 
under consideration.  Differences in results across mediator variables can 
yield mixed conclusions as to whether the relationship between the 
independent and dependent variables is mediated.  Moreover, the 
reduction of the relationship between the independent and dependent 
variables after controlling for a set of mediator variables indicates the size 
of the mediated effects as a whole, not the size of any particular mediated 
effect. These individual mediated effects are often important from a 
theoretical perspective. 
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   - The shortcomings of the causal steps procedure have stimulated alternative 
approaches to analyzing mediation.  One approach involves the joint test of paths 
a and b, corresponding to the second and third conditions of the casual steps 
procedure.  If both of these paths are significant, then mediation is inferred, 
whereas if either path is not significant, then mediation is not supported.  
Simulation evidence indicates that this approach has greater statistical power than 
the application of all four conditions of the causal steps procedure, given that the 
first and fourth conditions might not be satisfied even when both paths of the 
mediated are significant (MacKinnon et al., 2002). 

 
   - Other alternatives to the causal steps procedure focus on the magnitude of the 

mediated relationship, as represented by the indirect effect of X on Y through M. 
 As shown above, the indirect effect is calculated by multiplying the path from 
the independent variable to the mediator variable by the path from the mediator 
variable to the dependent variable.  To test this effect, several alternatives have 
been proposed. 

 
    * To obtain an estimate of the standard error of the ab product, formulas can 

be applied for computing the variance of the product of random variables. 
 The value of the ab product can then be divided by the square root of the 
estimated variance, yielding a t-test of the indirect effect.  Assuming a and 
b are normally distributed, the variance of their product can be written as 
follows: 

 
 V(ab) = E2(a)V(b) + E2(b)V(a) + 2E(a)E(b)C(a,b) + V(a)V(b) (7) 
       + C2(a,b) 
 
  where E(.), V(.), and C(.) expected value, variance, and covariance 

operators, respectively.  Most regression programs provide all of the terms 
in this expression except C(a,b), whereas structural equation modeling 
programs such as LISREL provide all terms including C(a,b). Assuming a 
and b are independent, the preceding formula reduces to: 

 
 V(ab) = E2(a)V(b) + E2(b)V(a) + V(a)V(b). (8) 
 
  This formula is consistent with that given by a second-order Taylor series 

approximation.  A simpler version is produced by a first-order Taylor 
series approximation: 

 
 V(ab) = E2(a)V(b) + E2(b)V(a). (9) 
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  This formula was proposed by Sobel (1982) and is used programs such as 
LISREL and EQS.  Finally, Goodman (1960) derived an unbiased 
estimate of the variance of the product of two independent random 
variables, which is: 

 
 V(ab) = E2(a)V(b) + E2(b)V(a) – V(a)V(b). (10) 
 
  The term V(a)V(b) is usually small relative to E2(a)V(b) and E2(b)V(a), 

and therefore the addition or subtraction of this term typically has little 
effect on the estimate of V(ab). 

 
    * A shortcoming shared by all of these procedures is that the distribution of 

the ab product is often nonnormal and therefore is not adequately 
described by its variance.  This shortcoming can be addressed by using 
nonparametric procedures that make no assumptions regarding the 
distribution of the ab product.  One such procedure is the bootstrap.  The 
bootstrap is implemented by randomly sampling N cases from the full 
sample with replacement, estimating a and b, and computing their product. 
 This procedure is repeated a large number of times (e.g., 1000).  The 
resulting estimates of the ab product are then used to construct a 
confidence interval around the ab product estimated from the full sample.  
A simple but effective approach to constructing this confidence interval is 
to locate the values of the ab product that represent the percentiles 
corresponding to the bounds of the confidence interval (e.g., 2.5 
percentile, 97.5 percentile).  If these bounds exclude zero, then the ab 
product is statistically significant.  This approach is called the percentile 
method.  In general, the median of the bootstrap estimates can deviate 
from the estimate from the full sample.  To compensate for this deviation, 
the bounds of the confidence interval can be adjusted using the bias-
corrected percentile method (Efron & Tibshirani, 1993; Stine, 1989).  This 
method has become recommended in tests of mediated effects 
(MacKinnon et al., 2004). 

 
Extensions to More Complex Mediated Models 
 
   - Most discussions of mediation focus on the simple three-variable model set forth 

by Baron and Kenny (1986).  However, many theoretical models that involve 
mediation have more than three variables.  To accommodate such models, it is 
useful to apply principles of path analysis, given that the popular three-variable 
mediated model is simply a special case of the broader set of models that can be 
considered under a path analytic framework. 
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   - A path model involves two types of variables: 
 
    * Exogenous variables: Variables that are determined by causes outside of 

the model.  An exogenous variable is taken as a “given,” and no attempt is 
made to explain its variance or its covariation with other exogenous 
variables.  In a path diagram, exogenous variables have straight arrows 
leading to endogenous variables and curved double-headed arrows 
connecting exogenous variables to each other. 

 
    * Endogenous variables: Variables that are determined by exogenous or 

other endogenous variables in the model.  The proportion of variance 
explained in each endogenous variable is one indication of the validity of a 
model.  Endogenous variables have straight arrows leading to them from 
exogenous and/or other endogenous variables, and they can also have 
straight arrows leading from them to other endogenous variables. 

 
 The distinction between exogenous and endogenous variables differs from that 

between independent and dependent variables, i.e., although an exogenous 
variable is always independent, an endogenous variable is dependent in one 
equation but may be independent in other equations. 

 
   - Path analysis is useful for decomposing correlations among variables into direct 

effects, indirect effects, spurious components, and unanalyzed components.   
 
    * Direct effect: The effect of an exogenous or endogenous variable on an 

endogenous variable that is not mediated by (another variable.  A direct 
effect is represented by a single straight arrow. 

 
    * Indirect effect: The effect of an exogenous or endogenous variable on an 

endogenous variable that is mediated by at least one endogenous 
variables.  An indirect effect is represented by a series of two or more 
arrows pointed in the same direction. 

 
    * Spurious component: The part of the relationship between two 

endogenous variables due to a single common cause or two correlated 
common causes.  A single common cause can be an exogenous or 
endogenous variable, whereas correlated common causes must be 
exogenous variables. The common cause or causes can affect the two 
endogenous variables directly or indirectly. 

 
    * Unanalyzed component: The part of the relationship between an 

exogenous variable and an exogenous or endogenous variable that 
involves a correlation between exogenous variables. 
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 The sum of the direct and indirect effects equals the total effect and is called the 

effect coefficient. 
 
   - Traditional applications of path analysis involve the following assumptions: 
 
    * All variables are measured on interval or ratio scales.  Thus, nominal and 

ordinal variables are excluded. 
 
    * All variables are measured without error.  Measurement error in the 

independent variables leads to biased path coefficient estimates.  
Measurement error in the dependent variable increases the standard error 
of the estimate for that variable. 

 
    * All relationships among variables are linear.  Hence, interactive and 

curvilinear relationships are excluded. 
 
    * Each residual is uncorrelated with variables that precede it in the model.  

This implies that the residuals are also uncorrelated with one another. 
 
    * The model is recursive, meaning that there is a one-way causal flow.  This 

rules out reciprocal causation among variables at a given point in time. 
 
Methods of Analysis 
 
   - When the preceding assumptions are satisfied, path analysis reduces to a series 

of multiple regression analyses in which each endogenous variable is regressed 
on all exogenous and endogenous variables with paths leading directly to it.  
Thus, the number of regression equations estimated equals the number of 
endogenous variables in the model.  For simplicity, and without loss of 
generality, variables in path models are usually standardized. 

 
   - The common three-variable mediated model can be expressed in path analytic 

terms using the following equations: 
 
 z2 = p21z1 + e2 (11) 
 
 z3 = p31z1 + p32z2 + e3 (12) 
 
 The model corresponding to these equations is shown in Figure 3.  To maintain 

clarity as more complex models are developed, the residuals are not included in 
the figure. 
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 The variables z1, z2 , and z3 correspond X, M, and Y, respectively, in the three-
variable mediated model.  The pji in these equations are the standardized 
regression coefficients for variable j regressed on variable i.  These coefficients 
represent the change in the dependent variable for a one standard deviation 
change in the independent variable, holding all other predictor variables constant. 
 Note that, when variables are standardized, as in the present case, the 
unstandardized and standardized regression coefficients are equal. 

 
 The pji in the preceding equations represent the path coefficients that constitute 

the direct effects in the model.  Specifically, the direct effect of z1 on z2 is p21, 
and the direct effects z1 and z2 on z3 are p31 and p32, respectively.  The indirect 
(i.e., mediated) effect of z1 on z3 can be derived by rewriting Eq. 12 such that z3 
is solely a function of z1.  This is accomplished by substituting Eq. 11 into Eq. 
12, which replaced z2 with p21z1 + e2: 

 
 z3 = p31z1 + p32(p21z1 + e2) + e3 (13) 
 
 Distribution yields: 
 
 z3 = p31z1 + p32p21z1 + p32e2 + e3 (14) 
 
 Collecting like terms produces: 
 
 z3 = (p31 + p32p21)z1 + e3 + p32e2 (15) 
 
 Eq. 15 contains the compound coefficient p31 + p32p21 relating z1 to z3.  As 

before, the term p31 is the direct effect of z1 on z3, whereas the product term 
p32p21 is the indirect effect of z1 on z3.  The sum of these effects is the total effect 
of z1 on z3.  Note that the residual terms e3 and p32e2 are not involved in the 
effects of z1 on z3 and can be ignored when deriving these effects.  For simplicity, 
we drop the residuals from the derivations for the remaining models. 

 
- For the simple three-variable model in Figure 3, the indirect effect is relatively easy 

to locate, given that the model contains a single mediator and has only one indirect 
effect.  For more complex models, it is useful to make explicit the steps used to 
derive the indirect effects: 

 
    * For each endogenous variable, inspect its regression equation to identify 

the predictors that are themselves endogenous variables. 
 
    * Sequentially replace each of these predictors with its regression equation.  

After each substitution, simplify the expression to locate the indirect effect 
through the endogenous predictor that was replaced with its equation. 



 

Mediation Jeffrey R. Edwards 
 
 10 

    * Repeat this process until the regression equation for the endogenous 
variable under consideration is in reduced form, meaning that its predictors 
consist only of exogenous variables. 

 
    * Move to the regression equation for the next endogenous variable, 

following the same procedure, and continue this procedure until the 
equations for all of the endogenous variables have been processes. 

 
   - We now apply this procedure to a model with two mediators in which the effects 

of z1 on z4 are mediated by both z2 and z3 (see Figure 4)  The equations for this 
model are: 

 
 z2 = p21z1 + e2 (16) 
 
 z3 = p31z1 + e3 (17) 
 
 z4 = p41z1 + p42z2 + p43z3 + e4 (18) 
 
 The direct effects involved in the model correspond to the path coefficients in 

Eqs. 16 through 18.  The model also involves two indirect effects of z1 on z4 
transmitted through z2 and z3.  These effects can be derived by substituting Eqs. 
16 and 17 into Eq. 18.  As noted earlier, the residuals in these equations can be 
disregarded.  We first substitute Eq. 17 into Eq. 18 and drop the residuals, which 
yields 

 
 z4 = p41z1 + p42z2 + p43(p31z1) (19) 
 
 Distribution and collecting like terms yields: 
 
 z4 = (p41 + p43p31)z1 + p42z2 (20) 
 
 Within the compound coefficient on z1, p43p31 is the indirect effect of z1 on z4 

through z3.  Next, we replace z2 in Eq. 20 with its equation, Eq. 16, while 
dropping the residual: 

 
 z4 = (p41 + p43p31)z1 + p42(p21z1) (21) 
 
 Distribution and collecting like terms yields: 
 
 z4 = (p41 + p42p21 + p43p31)z1 (22) 
 
 The indirect effect of z1 on z4 through z2 is p42p21.  The total effect of z1 on z4 is 

the sum of the terms in the compound coefficient on z1. 
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   - Now suppose we add a path from z2 to z3, such that z2 affects z4 directly and 
indirectly through z3 (see Figure 5).  The equations for this model are: 

 
 z2 = p21z1 + e2 (23) 
 
 z3 = p31z1 + p32z2 + e3 (24) 
 
 z4 = p41z1 + p42z2 + p43z3 + e4 (25) 
 
 Note that z2 has been added as a predictor of z3, as shown in Eq. 25.  Again, the 

direct effects in the model are the path coefficients in Eqs. 23 through 25.  To 
identify the indirect effects in the model, we start with Eq. 25 and note that it 
contains two predictors that are endogenous variables, z2 and z3.  We first 
replace z3 with its equation, Eq. 24, and drop the residuals: 

 
 z4 = p41z1 + p42z2 + p43(p31z1 + p32z2) (26) 
 
 Distribution and collecting like terms yields: 
 
 z4 = (p41 + p43p31)z1 + (p42 + p43p32)z2 (27) 
 
 By replacing z3 with its equation, Eq. 27 shows the indirect effects of z1 and z2 

on z4 that pass through z3. 
 
 Eq. 27 still contains the endogenous variable z2.  To identify any indirect effects 

that pass through this variable, we replace z2 with Eq. 24 and drop the residuals: 
 
 z4 = (p41 + p43p31)z1 + (p42 + p43p32)p21z1 (28) 
 
 Distribution and collecting like terms yields: 
 
 z4 = (p41 + p42p21 + p43p31 + p43p32p21)z1 (29) 
 
 Eq. 29 shows the indirect effects of z1 on z4 that pass through z2.  The term p42p21 

is the indirect effect through z2 alone, and the term p43p32p21 is the indirect effect 
that passes through both z2 and z3. 

 
 We next consider Eq. 24 and note that it contains the endogenous variable z2 as a 

predictor.  Replacing z2 with Eq. 23 and dropping the residuals yields: 
 
 z3 = p31z1 + p32(p21z1) (30) 
 
 Distribution and collecting like terms yields: 



 

Mediation Jeffrey R. Edwards 
 
 12 

 z3 = (p31 + p32p21)z1 (31) 
 
 In Eq. 31, the term p32p21 is the indirect effect of z1 on z3 through z2. 
 
   - We now elaborate the preceding model by adding z5 as an outcome of z4 (see 

Figure 6).  Note that this model posits that the effects of z1, z2, and z3 on z5 are 
fully mediated by z4.  This model adds one equation to the previous set, which 
now consists of the following equations: 

 
 z2 = p21z1 + e2 (32) 
 
 z3 = p31z1 + p32z2 + e3 (33) 
 
 z4 = p41z1 + p42z2 + p43z3 + e4 (34) 
 
 z5 = p54z4 + e5 (35) 
 
 The effects relating z1, z2, z3, and z4 are as before.  The effects of these variables 

on z5 are as follows.  The direct effect of z4 on z5 is p54, as given in Eq. 35.    The 
indirect effects on z5 through z4 are found by replacing z4 in Eq. 35 with Eq. 34 
and dropping the residuals, which produces: 

 
 z5 = p54(p41z1 + p42z2 + p43z3) (36) 
 
 Distribution yields: 
 
 z5 = p54p41z1 + p54p42z2 + p54p43z3 (37) 
 
 The compound coefficients in Eq. 37 are the indirect effects of z1, z2, and z3, 

respectively, that pass through z4.   
 
 Next, consider the effects on z5 that pass through z3.  These effects are found by 

replacing z3 in Eq. 37 with Eq. 33 and dropping the residual: 
 
 z5 = p54p41z1 + p54p42z2 + p54p43(p31z1 + p32z2) (38) 
 
 Distribution and collecting like terms yields: 
 
 z5 = (p54p41 + p54p43p31)z1 + (p54p42 + p54p43p32)z2 (39) 
 
 Eq. 39 shows that z3 carries an indirect of z2 on z5 as p54p43p32 and also carries an 

indirect effect of z1 on z5 as p54p43p31.  Note that both of these indirect effects 
also pass through z4, which mediates the effect of z3 on z5. 
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 Finally, note that Eq. 39 contains the endogenous variable z2.  To identify the 

indirect effects that pass through z2, replace z2 with Eq. 32 and drop the residual: 
 
 z5 = (p54p41 + p54p43p31)z1 + (p54p42 + p54p43p32)p21z1 (40) 
 
 Distribution and collecting like terms yields: 
 
 z5 = (p54p41 + p54p42p21 + p54p43p31 + p54p43p32p21)z1 (41) 
 
 The compound coefficient on z1 shows the four indirect effects of z1 on z5.  The 

term p54p41 is the indirect effect of z1 on z5 through z2. The term p54p42p21 is the 
indirect effect of z1 on z5 through z2 and z4.  The term p54p43p31 is the indirect 
effect of z1 on z5 through z3 and z4.  Finally, the term p54p43p32p21 is the indirect 
effect of z1 on z5 through z2, z3, and z4. 

 
   - The last model we consider adds direct effects from z1, z2, and z3 to z5 (see 

Figure 7)  The  equations for this model are as follows: 
 
 z2 = p21z1 + e2 (42) 
 
 z3 = p31z1 + p32z2 + e3 (43) 
 
 z4 = p41z1 + p42z2 + p43z3 + e4 (44) 
 
 z5 = p51z1 + p52z2 + p53z3 + p54z4 + e5 (45) 
 
 The effects relating z1, z2, z3, and z4 are again unchanged, and the effect of z4 on 

z5 is again the direct effect p54.  The direct effects of z1, z2, and z3 on z5 are 
shown in Eq. 45 as p51, p52, and p53, respectively.  To see how adding these direct 
effects influences the indirect effects on z5, we again replace the predictors in Eq. 
45 that are endogenous variables with their equations.  We start by substituting 
Eq. 44 into Eq. 45 and dropping the residuals: 

 
 z5 = p51z1 + p52z2 + p53z3 + p54(p41z1 + p42z2 + p43z3) (46) 
 
 Distribution and collecting like terms yields: 
 
 z5 = (p51 + p54p41)z1 + (p52 + p54p42)z2 + (p53 + p54p43)z3 (47) 
 
 Eq. 47 shows that, as before, the indirect effects of z1, z2, and z3 that pass 

through z4 are p54p41, p54p42, and p54p43, respectively. 
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 Next, we locate the indirect effects on z5 through z3 by replacing z3 with Eq. 43 
and disregarding the residual, which produces: 

 
 z5 = (p51 + p54p41)z1 + (p52 + p54p42)z2 + (p53 + p54p43)(p31z1 + p32z2) (48) 
 
 Distribution and collecting like terms yields: 
 
 z5 = (p51 + p53p31 + p54p41 + p54p43p31)z1 +  
                  (p52 + p53p32 + p54p42 + p54p43p32)z2 (49) 
 
 In the compound coefficient on z2, p53p32 is the indirect effect of z2 on z5 through 

z3, and p54p43p32 is the indirect effect of z2 on z5 through z3 and z4.  Likewise, in 
the compound coefficient on z1, p53p31 is the indirect effect of z1 on z5 through z3, 
and p54p43p31 is the indirect effect of z1 on z5 through z3 and z4. 

 
 Finally, we identify the indirect effects on z5 through z2 by replacing z2 in Eq. 49 

with Eq. 42 and dropping the residual: 
 
 z5 = (p51 + p53p31 + p54p41 + p54p43p31)z1 +  
                  (p52 + p53p32 + p54p42 + p54p43p32)p21z1 (50) 
 
 Distribution and collecting like terms yields: 
 
 z5 = (p51 + p52p21 + p53p31 + p54p41 + p53p32p21 + p54p42p21 + p54p43p31 +  
                      p54p43p32p21)z1 (51) 
 
 Within the compound coefficient on z1, p52p21 is the indirect effect of z1 on z5 

through z2, p53p32p21 is the indirect effect of z1 on z5 through z2, and z3, p54p42p21 
is the indirect effect of z1 on z5 through z2 and z4, and p54p43p32p21 is the indirect 
effects of z1 on z5 through z2, z3, and z4.  The entire compound coefficient on z1 is 
the total effect of z1 on z5.  Note that this coefficient contains the direct effect p51 
along with seven indirect effects that pass through z2, z3, and z4 individually 
(p52p21, p53p31, and p54p41), in pairs (p53p32p21, p54p42p21, and p54p43p31), and all 
three of these variables (p54p43p32p21). 

 
   - Direct and indirect effects are only two of the components of the correlations 

between variables in path models.  The other two components are spurious and 
unanalyzed, and these components can be derived using classic principles of path 
analysis outlined in sources such as Alwin and Hauser, (1975), Duncan (1966), 
and Pedhazur (1982).  These principles have been extended to structural equation 
models, as discussed by Bollen (1987) and Fox (1980). 
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Assessing Path Models 
 
   - A statistical test of model fit can be conducted by obtaining the R2 values from 

the equations for the theoretical model of interest and using these values to 
calculate R2

t, the generalized squared multiple correlation for the theoretical 
model.  Designating the number of equations in the theoretical model as q, the 
formula for R2

t is: 
 
 R2

t = 1 – (1 – R2
1t)(1 – R2

2t) . . . (1 – R2
qt) (52) 

 
 Next, calculate R2

s, the generalized squared multiple correlation for the saturated 
model that includes all possible paths, subject to the restriction that the model is 
recursive (i.e., the causal flow is unidirectional): 

 
 R2

s = 1 – (1 – R2
1s)(1 – R2

2s) . . . (1 – R2
qs) (53) 

 
 Note that the calculation of R2

t is the same as that for R2
s, except that the former 

is based on R2 values from equations in which some paths have been deleted. A 
measure of the goodness of fit of the model can then be calculated as: 

 

 2
t

2
s

R1
R1 = Q

−
−  (54) 

 
 Q ranges from zero to one, with higher values indicating better fit of the 

theoretical model to the data.  A significance test for Q can be conducted as 
follows: 

 2
t

2
s

ee R1
R1 log d)  (N = Qlog d)  (N =W 

−
−

−−−−  (55) 

 
 where N = sample size and d = number of overidentifying restrictions.  W 

follows a χ2 distribution with d degrees of freedom. 
 
   - The fit of two models can be compared if the models are nested, meaning that 

one model is obtained by restricting (e.g., omitting) path coefficients in the other 
model.  A test comparing the fit of two such models may be conducted by 
obtaining the generalized squared multiple correlation for the restricted model 
(R2

r) and the unrestricted model (R2
u) and adapting the preceding formula as 

follows: 

 2
r

2
u

e R1
R1 log d)  (N =W 

−
−

−−  (56) 
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 In this case, d represents the difference in the number of overidentifying 
restrictions imposed on the two models. 

 
   - The assessment of a path model should also include tests of significance of R2 

values and path coefficients from each equation.  Path coefficients that are not 
significant should not be deleted, but instead should be taken as evidence that the 
hypothesized effect is weak (i.e., does not differ from zero). 

 
 


