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Chapter 6 
 

Details of Path Analysis 
 

Science is organized knowledge. 
Wisdom is organized life. 
 

—Immanuel Kant 

 
Overview 
 

 Indirect and total effects 
 

 Model-implied covariances and correlations 
 

 Indexes of model fit 
 

 Testing hierarchical models 
 

 Comparing nonhierarchical models 
 

 Equivalent models 
 

 Power analysis 
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Indirect and total effects 
 

 
 Indirect effects are estimated statistically as the product of direct 

effects, either standardized or unstandardized, that comprise them 
 

 They are also interpreted just as path coefficients 
 

 Total effects are the sum of all direct and indirect effects of one 
variable on another 
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Indirect and total effects 
 

 
 Example: The standardized indirect effect of fitness on illness 

through stress is estimated here as � .109 (.291) = � .032           
(Figure 6.1(b)): 
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Indirect and total effects 
 

 
 Example: The standardized total effect of fitness on illness is 

estimated here as the the sum of the direct effect and the indirect 
effect through stress, or � .260 + (� .109) .291 = � .260 �  .032 = � .292 
(Figure 6.1(b)): 
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Indirect and total effects 
 

 
 Some SEM computer programs optionally generate an effects 

decomposition, a tabular summary of estimated direct, indirect, and 
total effects 

 
 Some programs also print total indirect effects, the sum of all indirect 

effects of a causally prior variable on a subsequent one 
 

 However, the reporting of standard errors for unstandardized indirect 
or total effects varies from program to program 
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Indirect and total effects 
 

 
 For example, some SEM computer programs report standard errors 

for total indirect effects only, but not for each constituent (individual) 
indirect effect 

 
 However, there are some hand-calculable statistical tests for 

unstandardized indirect effects in recursive path models that involve 
only one mediator (e.g., Baron and Kenny, 1986; Shrout & Bolger, 
2002) 

 
 The best known of these tests is based on an estimated standard 

error developed by Sobel (1986) 
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Indirect and total effects 
 

 
 Suppose that ab is the estimate of the unstandardized indirect effect 

of X on Y2 through Y1 (i.e., X �  Y1 �  Y2) 
 

 Sobel’s estimated standard error of ab is: 
 

SEab  =  2 2 2 2
a bb SE a SE+  

 
a and SEa are, respectively, the unstandardized coefficient and 
the standard error for the path X �  Y1 
 

b and SEb are the same things for the path Y1 �  Y2 
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Indirect and total effects 
 

 
 In large samples, the ratio ab/SEab is interpreted as a z test of the 

unstandardized indirect effect and is called the Sobel test 
 

 There is a Web page that automatically calculates the Sobel test: 
 

http://www.unc.edu/~preacher/sobel/sobel.htm 
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Indirect and total effects 
 

 
 Example: Sobel test for the unstandardized indirect effect of exercise 

on illness (Figure 6.1(a)), which is estimated as .217 (� .442) = 
� 0.0959: 
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Indirect and total effects 
 

 
 Input data and results of the Sobel test (Appendix 6.A): 

 
 

 

Indirect effect a SEa b SEb   ab SEab z   

 

Exer �  Fit �  Ill  .217 .026 � .442 .087 � .096 .022 � 4.34**  

 

* *p < .01. 



Electronic overheads for: Kline, R. B.  (2004).  Principles and Practice of Structural Equation Modeling (2nd ed.).  New York: Guilford Publications. 11 

Indirect and total effects 
 

 
 Results of the Sobel test calculated with Web page for the 

unstandardized indirect effect of exercise on illness: 
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Model-implied covariances and correlations 
 

 
 The standardized total effect of one variable on another 

approximates the part of their observed correlation due to presumed 
causal relations 

 
 The sum of the standardized total effects and all other noncausal 

associations (e.g., spurious) equal model-implied (predicted) 
correlations 

 
 Model-implied covariances have the same general meaning but they 

concern the unstandardized solution 
 

 The predicted correlations and covariances can be compared with 
their observed counterparts 

 
 If the correspondence is generally close, the model is said to explain 

the data (i.e., the summary matrix analyzed) 
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Model-implied covariances and correlations 
 

 
 SEM computer programs use matrix algebra methods to calculate 

predicted correlations or covariances (e.g., Loehlin, 1998, 43-47) 
 

 The tracing rule is an older method for recursive path models that is 
amenable to hand calculation 

 
 The tracing rule is as follows: 

 
A model-implied correlation or covariance is the sum of all 
the causal effects and noncausal associations from all valid 
tracings between two variables 
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Model-implied covariances and correlations 
 

 
  A “valid” tracing means that a variable is not 

 
1.  entered through an arrowhead and exited by the same 

arrowhead nor 
 
2.  entered twice in the same tracing 

 



Electronic overheads for: Kline, R. B.  (2004).  Principles and Practice of Structural Equation Modeling (2nd ed.).  New York: Guilford Publications. 15 

Exercise 

Hardiness 

Fitness 

DFi 

1 

Stress 

DSt 

1 

Illness 

DIl 
1 

Model-implied covariances and correlations 
 

 
 Example: Valid tracings between exercise and stress: 

 
Causal: 

 
Exercise �  Stress 
Exercise �  Fitness �  Stress 

 
 
 
 
 

Noncausal: 
 

Exercise        Hardiness �  Stress 
Exercise        Hardiness �  Fitness �  Stress 
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Model-implied covariances and correlations 
 

 
 Use of the tracing rule is error prone even for relatively simple 

recursive path models 
 

 This is because it can be difficult to spot all of the valid tracings 
 

 The difference between an observed and a predicted correlation is 
known as a correlation residual 

 
 A covariance residual or fitted residual is the difference between an 

observed and a predicted covariance 
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Model-implied covariances and correlations 
 

 
 For just-identified path models, all correlation residuals and 

covariance residuals are zero 
 

 For an overidentified path model, however, not all residuals may be 
zero 

 
 Rule of thumb for correlation residuals: An absolute value > .10 

suggests poor explanation of the corresponding observed correlation 
 

 There is no comparable rule of thumb about values of covariance 
residuals that suggest poor explanation 

 
 This is because covariances are affected by the scales of the original 

variables 
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Indexes of model fit 
 

 
 Dozens of model fit indexes are described in the SEM literature, and 

new indexes are being developed all the time 
 

 This is also a very active research area (e.g., Kenny & McCoach, 
2003; Marsh, Balla, & Hau, 1996) 

 
 It is also true that some SEM computer programs print in their output 

the values of many more fit indexes than is typically reported for the 
analysis 
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Indexes of model fit 
 

 
 The availability of so many different fit indexes presents a few 

problems: 
 

1.  Different fit indexes are reported in different articles 
 
2.  Different reviewers of the same manuscript may request 

indexes that they know about or prefer (Maruyama, 1998) 
 
3.  There is also the possibility for selective reporting of values of 

fit indexes (i.e., report only those with favorable values) 
 
4.  One can become so preoccupied with overall model fit that 

other crucial information, such as whether the parameter 
estimates actually make sense, is overlooked 
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Indexes of model fit 
 

 
 Limitations of basically all model fit indexes: 

 
1.  Fit indexes indicate only the average or overall fit of a 

model—implication: 
 

This means that it is possible that some parts of the model 
may poorly fit the data even if the value of a particular index 
seems favorable (e.g., Tomarken & Waller, 2003) 

 
2.  Because a single index reflects only a particular aspect of 

model fit, a favorable value of that index does not by itself 
indicate good fit 
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Indexes of model fit 
 

 
 Limitations of basically all model fit indexes: 

 
3.  Fit indexes do not indicate whether the results are 

theoretically meaningful 
 
4.  Values of fit indexes that suggest adequate fit do not indicate 

that the predictive power of the model is also high 
 
5.  The sampling distributions of many fit indexes used in SEM 

are unknown (the RMSEA may be an exception), and 
interpretive guidelines suggested later for individual indexes 
concerning good fit are just that 
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Indexes of model fit 
 

 
 A recommended minimal set of fit indexes that should be reported 

and interpreted when reporting the results of SEM analyses: 
 

1.  Model chi-square 
 
2.  Steiger-Lind root mean square error of approximation 

(RMSEA; Steiger, 1990) with its 90% confidence interval 
 
3.  Bentler comparative fit index (CFI; Bentler, 1990) 
 
4.  Standardized root mean square residual (SRMR) 

 
 See also Boomsma (2000) and McDonald and Ho (2002) for more 

information 
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Indexes of model fit 
 

 
 The model chi-square is the most basic fit statistic, and it is reported 

in virtually all reports of SEM analyses 
 

 Most it not all other fit indexes include the model chi-square, so it is a 
key ingredient 

 
 It equals the product (N �  1) FML where N �  1 are the sample 

degrees of freedom and FML is the value of the statistical criterion 
(fitting function) minimized in ML estimation 
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Indexes of model fit (model chi-square) 
 

 
 In large samples and assuming multivariate normality, (N �  1) FML is 

distributed as a Pearson chi-square statistic with degrees of freedom 
equal to dfM 

 
 Recall that dfM is the difference between the number of observations 

and the number of free model parameters 
 

 The statistic (N �  1) FML under the assumptions just stated is referred 
to here as 2

Mc  
 

 The term 2
Mc  is also known as the likelihood ratio chi-square or 

generalized likelihood ratio 
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Indexes of model fit (model chi-square) 
 

 
 The value of 2

Mc  for a just-identified model generally equals zero and 
has no degrees of freedom 

 
 If 2

Mc  = 0, the model perfectly fits the data 
 

 As the value of 2
Mc  increases, the fit of an overidentified model 

becomes increasingly worse 
 

 In this sense 2
Mc  is actually a “badness-of-fit” index because the 

higher its value, the worse the model’s correspondence to the data 
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Indexes of model fit (model chi-square) 
 

 
 Continue to assume large samples and multivariate normality 

 
 Under the null hypothesis that the researcher’s model has perfect fit 

in the population, 2
Mc  approximates a central chi-square distribution 

 
 The only parameter of a central chi-square distribution are its 

degrees of freedom 
 

 Other applications of chi-square as a test statistic, such as the test of 
association for two-way contingency tables, also approximate central 
chi-square distributions in large samples 

 
 Tables of critical values of chi-square in most statistics textbooks are 

based on central chi-square distributions 
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Indexes of model fit (model chi-square) 
 

 
 For an overidentified model (i.e., dfM > 0), 2

Mc  tests the null 
hypothesis that the model is correct (i.e., it has perfect fit in the 
population) 

 
 Therefore, it is the failure to reject the null hypothesis that supports 

the researcher’s model 
 

 The term 2
Mc  also tests the difference in fit between a given 

overidentified model and a just-identified version of it 
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Indexes of model fit (model chi-square) 
 

 
 Raykov and Marcoulides (2000) described each degree of freedom 

for 2
Mc  as a dimension along which the model can potentially be 

rejected 
 

 This is also why given two different plausible models of the same 
phenomenon with comparable explanatory power, the simplest 
model—the one with the greatest degrees of freedom—is preferred 

 
 This is the parsimony principle as concerns model testing in SEM 
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Indexes of model fit (model chi-square) 
 

 
 Some problems with relying solely on 2

Mc  as a fit statistic: 
 

1.  The exact-fit hypothesis tested by 2
Mc  is likely to be 

implausible, that is, it may be unrealistic to expect perfect 
population fit 

 
2.  The value of 2

Mc  is affected by sample size 
 

 The latter means that if the sample size is large, the value of 2
Mc  may 

lead to rejection of the model even though differences between 
observed and predicted covariances are slight 

 
 Thus, rejection of basically any overidentified model based on 2

Mc  
requires only a sufficiently large sample 
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Indexes of model fit (model chi-square) 
 

 
 Some researchers divide the model chi-square by its degrees of 

freedom to reduce the effect of sample size 
 

 This generally results in a lower value called the normed chi-square: 
 

NC = 2
Mc /dfM 

 
 However, there is no clear-cut guideline about what value of the NC 

is minimally acceptable 
 

 For example, Bollen (1989) notes that values of the NC of 2.0, 3.0, or 
even as high as 5.0 have been recommended as indicating 
reasonable fit 

 
 Other fit indexes described next are less affected by sample size and 

have interpretive norms 



Electronic overheads for: Kline, R. B.  (2004).  Principles and Practice of Structural Equation Modeling (2nd ed.).  New York: Guilford Publications. 31 

Indexes of model fit (RMSEA) 
 

 
 The RMSEA has the following characteristics: It 

 
1.  is a parsimony-adjusted index in that its formula includes a 

built-in correction for model complexity (i.e., it favors simpler 
models) 

 
2.  approximates a noncentral chi-square distribution, which does 

not require a true null hypothesis (i.e., the population fit of the 
researcher’s model is not assumed to be perfect) 

 
3.  also takes sample size into account 
 
4.  is usually reported in computer output with a confidence 

interval, which explicitly acknowledges that the RMSEA is 
subject to sampling error—as are all fit indexes 
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Indexes of model fit (RMSEA) 
 

 
 A noncentral chi-square distribution has an additional parameter 

known as the noncentrality parameter, designated here as �  (delta) 
 

 �  measures the degree of falseness of the null hypothesis 
 

 If the null hypothesis is true, then �  = 0 and a central chi-square 
distribution is indicated 
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Indexes of model fit (RMSEA) 
 

 
 A central chi-square distribution is a just special case of a noncentral 

chi-square distribution (i.e., one where �  = 0) 
 

 The value of the noncentrality parameter �  increases as the null 
hypothesis becomes more and more false 

 
 It also serves to shift the noncentral chi-square distribution to the 

right compared with the central chi-square distribution with the same 
degrees of freedom (e.g., MacCallum, Browne, & Sugawara, 1996, 
p. 136.) 
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Indexes of model fit (RMSEA) 
 

 
 Example: Central chi-square distribution where df = 3 (left) and 

noncentral chi-square distribution where df = 3 and �  = 4 (right): 
 
 
 
 
 
 
 
 
 
 
 

 Source of these plots (Sigeo Aki): 
 

http://www2.ipcku.kansai-u.ac.jp/~aki/index.html 
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Indexes of model fit (RMSEA) 
 

 
 In SEM, the noncentrality parameter � M can be seen as reflecting the 

degree of misspecification of the researcher’s model 
 

 It is often estimated as the difference between 2
Mc  and its degrees of 

freedom or zero, whichever is greater: 
 

Md̂   =  max ( 2
Mc  �  dfM, 0) 

 
 Fit indexes based on Md̂ , such as the RMSEA, reflect the view that 

the researcher’s model is an approximations of reality, not an exact 
copy of it (Raykov & Marcoulides, 2000) 
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Indexes of model fit (RMSEA) 
 

 
 Browne and Cudeck (1993) distinguished between two different 

sources of lack of model fit: 
 

1.  Error of approximation: Reflects the lack of fit of the 
researcher’s model to the population covariance matrix 

 
2.  Error of estimation: Reflects the difference between the fit of 

the model to the sample covariance matrix and to the 
population covariance matrix 
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Indexes of model fit (RMSEA) 
 

 
 The error of estimation is affected by sample size, but the error of 

approximation is not 
 

 These two different kinds of errors contribute to overall error, the 
difference between the population covariance matrix and the 
predicted covariance matrix estimated with the sample data 
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Indexes of model fit (RMSEA) 
 

 
 Fit indexes, such as 2

Mc  and others that approximate central chi-
square distributions, measure overall error and thus are described as 
sample-based indexes 

 
 The RMSEA measures error of approximation, and for this reason it 

is sometimes referred to as a population-based index 
 

 The RMSEA is a “badness-of-fit” index in that a value of 0 indicates 
the best fit and higher values indicate worse fit 
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Indexes of model fit (RMSEA) 
 

 
 The formula is 

RMSEA = M

M

ˆ

( 1)df N
d

-
 

 
 RMSEA estimates the amount of error of approximation per model 

degree of freedom and takes sample size into account 
 

 RMSEA = 0 says only that 2
Mc  �  dfM, not that 2

Mc  = 0 (i.e., fit is 
perfect) 
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Indexes of model fit (RMSEA) 
 

 
 Rules of thumb by Browne and Cudeck (1993): 

 
1.  RMSEA �  .05 indicates close approximate fit 
 
2.  Values between .05 and .08 suggest reasonable error of 

approximation 
 
3.  RMSEA �  .10 suggests poor fit 
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Indexes of model fit (RMSEA) 
 

 
 The population parameter estimated by the RMSEA is designated 

here as �  (epsilon) 
 

 SEM computer programs that calculate the RMSEA also typically 
print a 90% confidence interval for �  

 
 Confidence intervals for �  are based on the noncentrality parameter 

� M (see Steiger & Fouladi, 1997) 
 

 The lower and upper bounds of a confidence interval for �  may not 
be symmetrical around the observed value of the RMSEA 

 
 This interval reflects the degree of uncertainty associated with 

RMSEA as a point estimate at the 90% level of statistical confidence 
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Indexes of model fit (RMSEA) 
 

 
 If the lower bound of a 90% confidence interval for �  is less than .05, 

we would not reject the directional null hypothesis 
 

H0: � 0 �  .05 
 

which says that the researcher’s model has close approximate fit 
in the population 
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Indexes of model fit (RMSEA) 
 

 
 If it is also true that the upper bound of the same 90% confidence 

interval does not exceed whatever cutoff value is selected as 
indicating poor fit (e.g., .10), we can reject the null hypothesis that 
the fit of the model in the population is just as bad or even worse: 

 
H0: � 0 �  .10 
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Indexes of model fit (RMSEA) 
 

 
 Ideally, the researcher would like to fail to reject the close fit null 

hypothesis 
 
 H0: � 0 �  .05 
 

and reject the poor fit hypothesis 
 
 H0: � 0 �  .10 
 

based on the lower and upper bounds (respectively) of the same 
confidence interval for �  

 
 A “disagreement” in these outcomes (e.g., we fail to reject both 

hypotheses) suggests a lot of sampling error, which may be due to a 
small sample 
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Indexes of model fit (CFI) 
 

 
 The CFI is one of a class of fit statistics known as incremental or 

comparative fit indexes, which are among the most widely used in 
SEM 

 
 All such indexes assess the relative improvement in fit of the 

researcher’s model compared with a baseline model 
 

 The latter is typically the independence model—also called the null 
model—which assumes zero population covariances among the 
observed variables 

 
 When means are not analyzed, the only parameters of the 

independence model are the population variances of the observed 
variables 
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Indexes of model fit (CFI) 
 

 
 Because the independence model assumes unrelated variables, the 

value of its model chi-square, 2
Bc , is often quite large compared with 

2
Mc  

 
 If 2

Mc  < 2
Bc , the researcher’s model may be an improvement over the 

independence model; otherwise, there is no improvement, and thus 
no reason to prefer the researcher’s model 

 
 Unlike some older comparative fit indexes, the CFI does not assume 

zero error of approximation (i.e., perfect population fit of the 
researcher’s model) 
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Indexes of model fit (CFI) 
 

 
 The formula is 

 
CFI = 1 �  Md̂ / Bd̂  

 

Md̂  and Bd̂  estimate the noncentrality parameter of the noncentral 
chi-square distributions for, respectively, the researcher’s model 
and the baseline model 

 
 A rule of thumb for the CFI and other incremental indexes is that 

values greater than roughly .90 may indicate reasonably good fit of 
the researcher’s model (Hu & Bentler, 1999) 

 
 Similar to the RMSEA, however, CFI = 1.00 means only that 

2
Mc  �  dfM, not that the model has perfect fit 
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Indexes of model fit (CFI) 
 

 
 All incremental fit indexes have been criticized when the baseline 

model is the independence (null) model 
 

 This is because the assumption of zero covariances is implausible in 
perhaps most applications of SEM 

 
 Therefore, finding that the researcher’s model has better relative fit 

than the corresponding independence model may not be very 
impressive 

 
 It is possible to specify a different, more plausible baseline model 

and compute by hand the value of an incremental fit index with its 
equation, but this is rarely done in practice 
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Indexes of model fit (CFI) 
 

 
 Widaman and J. Thompson (2003) describe how to specify more 

plausible baseline models for different kinds of SEM analyses 
 

 Amos 5 (Arbuckle, 2003) allows the specification of baseline models 
where covariances among the observed variables are required to be 
equal instead of zero, which may be more realistic 

 
 See Marsh, Balla, and Hau (1996) for more information about the 

statistical properties of incremental fit indexes 
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Indexes of model fit (SRMR) 
 

 
 The indexes described next are based on covariance residuals, 

differences between observed and predicted covariances 
 

 The root mean square residual (RMR) is a measure of the mean 
absolute value of the covariance residuals 

 
 Perfect model fit is indicated by RMR = 0, and increasingly higher 

values indicate worse fit (i.e., it is a badness-of-fit index) 
 

 One problem with the RMR is that because it is computed with 
unstandardized variables, its range depends on the scales of the 
observed variables 

 
 If these scales are all different, it can be difficult to interpret a given 

value of the RMR 
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Indexes of model fit (SRMR) 
 

 
 The standardized root mean square residual (SRMR) is based on 

transforming both the sample covariance matrix and the predicted 
covariance matrix into correlation matrices 

 
 The SRMR is thus a measure of the mean absolute correlation 

residual, the overall difference between the observed and predicted 
correlations 

 
 Values of the SRMR less than .10 are generally considered 

favorable 



Electronic overheads for: Kline, R. B.  (2004).  Principles and Practice of Structural Equation Modeling (2nd ed.).  New York: Guilford Publications. 52 

Indexes of model fit (SRMR) 
 

 
 It can also be informative to view visual summaries of distributions of 

the residuals 
 

 Specifically, frequency distributions of the correlation residuals or 
covariance residuals should be generally normal in shape 

 
 Also, a Q-plot of the standardized residuals ordered by their size 

against their position in the distribution represented by normal 
deviates (z scores) should follow a diagonal line 

 
 Obvious departures from these patterns may indicate serious 

misspecification or violation of multivariate normality for the 
endogenous variables 
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Testing hierarchical models 
 

 
 Two path models are hierarchical or nested if one is a subset of the 

other (e.g., a path is dropped from Model A to form Model B) 
 

 There are two general contexts in which hierarchical path models are 
compared: 

 
1.  Model trimming: Paths are eliminated from a model (i.e., it is 

simplified) 
 
2.  Model building: Paths are added to a model (i.e., it is made 

more complex) 
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Testing hierarchical models 
 

 
 As a model is trimmed, its fit to the data usually becomes 

progressively worse (e.g., 2
Mc  increases) 

 
 As a model is built, its fit to the data usually becomes progressively 

better (e.g., 2
Mc  decreases) 

 
 The goal of both is to find a parsimonious model that still fits the data 

reasonably well 
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Testing hierarchical models 
 

 
 Models can be trimmed or built according to one of two different 

standards: 
 

1.  Theoretical: Represents tests of specific, a priori hypotheses 
 
2.  Empirical: Paths are added or deleted according to statistical 

criteria such as whether path coefficients are statistically 
significant or not 
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Testing hierarchical models 
 

 
 The chi-square difference statistic, 2

Dc , can be used to test the 
statistical significance of the decrement in overall fit as paths are 
deleted or the improvement in fit as paths are added 

 
 The statistic 2

Dc  is just the difference between the 2
Mc  values of two 

hierarchical models estimated with the same data 
 

 Its degrees of freedom, dfD, equal the difference between the two 
respective values of dfM 
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Testing hierarchical models 
 

 
 The statistic 2

Dc  tests the null hypothesis of identical fit of the two 
hierarchical models in the population 

 
 Smaller values of 2

Dc  lead to the failure to reject the equal-fit 
hypothesis, but larger values lead to the rejection of this hypothesis 

 
 In model trimming, rejection of the equal-fit hypothesis suggests that 

the model has been over-simplified 
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Testing hierarchical models 
 

 
 Rejection of the equal-fit hypothesis in model building, however, 

supports retention of the path that was just added 
 

 Ideally, the more complex of the two models compared with 2
Dc  

should fit the data reasonably well 
 

 Otherwise, it makes little sense to compare the relative fit of two 
hierarchical models neither of which adequately explains the data 
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Testing hierarchical models 
 

 
 The interpretation of 2

Dc  as a test statistic depends in part on whether 
the new model is derived empirically or theoretically 

 
 For example, if individual paths that are not statistically significant 

are dropped from the model, it is likely that 2
Dc  will not be statistically 

significant 
 

 But if the deleted path is also predicted in advance to be zero, then 
2
Dc  is of theoretical interest 
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Testing hierarchical models 
 

 
 If model specification is entirely driven by empirical criteria, such as 

statistical significance, then the researcher should worry about 
capitalization on chance 

 
 This is especially critical when using an “automatic modification” 

option available in some SEM computer programs 
 

 These purely exploratory options drop or add paths according to 
empirical criteria 
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Testing hierarchical models 
 

 
 One such purely empirical criterion is statistical significance of a 

modification index (MI), which is calculated for every path that is 
fixed to zero 

 
 A MI is expressed as a 2c (1) statistic 

 
 The value of a MI estimates 2

Mc  (1), the amount by which the overall 
model chi-square would decrease if that particular fixed-to-zero path 
were freely estimated 

 
 The greater the value of a MI, the better the predicted improvement 

in overall fit if that path were added to the model 
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Testing hierarchical models 
 

 
 Some good advice from Loehlin (1998): 

 
A researcher should not feel compelled to drop from the model 
every path that is not statistically significant 

 
 This is especially true when the sample size is not large or power is 

low 
 

 Removing such paths could also affect the solution in an important 
way 

 
 It may be better to leave them in the model until replication indicates 

that the corresponding direct effect is of negligible magnitude 
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Testing hierarchical models 
 

 
 Loehlin’s (1998) advice is especially relevant in light of the results of 

some computer simulation studies of specification searches 
 

 These studies may impose different types of specification errors on 
known population structural equation models 

 
 The erroneous models are then estimated using data generated from 

populations in which the known models were true 
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Testing hierarchical models 
 

 
 In MacCallum’s (1986) study, models were modified using 

empirically-based methods (e.g., modification indexes) 
 

 Most of the time the changes suggested by empirically-based 
respecification were incorrect, which means that they typically did not 
recover the true model 

 
 This pattern was even more apparent for small samples (e.g., 

N = 100) 
 

 Silvia and MacCallum (1988) found that application of automatic 
modification guided by theoretical knowledge improved the chances 
of discovering the true model 
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Testing hierarchical models 
 

 
 The implication of these studies of specification searches is clear: 

 
Learn from your data, but your data should not be your teacher 

 
 One of the worst misuses of SEM occurs when a model is 

extensively respecified based solely on empirical criteria, such as 
modification indexes 

 
 Also, any model made sufficiently complex will eventually fit the data 

(i.e., do not over-specify) 
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Comparing nonhierarchical models 
 

 
 Sometimes researchers specify alternative models that are not 

hierarchically related 
 

 Although the values of 2
Mc  from two different nonhierarchical models 

can still be compared, the difference between them cannot be 
interpreted as a test statistic 

 
 This is where a predictive fit index, such as the Akaike information 

criterion (AIC), comes in handy  
 

 A predictive fix index assesses model fit in hypothetical replication 
samples the same size and randomly drawn from the same 
population as the researcher’s original sample 
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Comparing nonhierarchical models 
 

 
 The AIC generally assumes estimation with the maximum likelihood 

(ML) method 
 

 It is based on an information theory approach to data analysis that 
combines estimation and model selection under a single conceptual 
framework (e.g., Anderson, Burnham, & W. Thompson, 2000) 

 
 It is also a parsimony-adjusted index because it favors simpler 

models 
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Comparing nonhierarchical models 
 

 
 There are two different formulas for the AIC that are reported in the 

SEM literature: 
AIC1 = 2

Mc  + 2q 
 

where q is the number of free model parameters, and 
 

AIC2 = 2
Mc  �  2 dfM 

 
 The key is that the relative change in the AIC is the same in both 

versions, and this change is function of model complexity 
 

 Specifically, the model in a set of competing nonhierarchical models 
estimated with the same data with the smallest AIC is preferred 

 
 This is the model with the best predicted fit in a hypothetical 

replication sample considering the degree of fit in the actual sample 
and parsimony compared with the other models  
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Equivalent models 
 

 
 An equivalent model generates the same predicted correlations or 

covariances but with a different configuration of paths among the 
same observed variables 

 
 Equivalent models also have equal values of fit indexes, such as 2

Mc  
(and dfM) 

 
 For a given path model—or any structural equation model—there 

may be many equivalent variations 
 

 Thus, the researcher should explain why his or her final model 
should be preferred over an equivalent model 
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Equivalent models 
 

 
 Equivalent versions of overidentified path models can be generated 

using the Lee-Herschberger replacing rules (Herschberger, 1994; 
Lee & Herschberger, 1990): 

 
1.  Within a block of variables at the beginning of a model that is 

just-identified and with unidirectional relations to subsequent 
variables, direct effects, correlated disturbances, and 
equality-constrained reciprocal effects are interchangeable 

 
2.  At subsequent places in the model where two endogenous 

variables have the same causes and their relations are 
unidirectional, all of the following may be substituted for one 
another: Y1 �  Y2, Y2 �  Y1, D1        D2, and the equality-
constrained reciprocal effect Y1 �  Y2 
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Equivalent models 
 

 
 Simple models may have few equivalent versions, but more 

complicated ones may have hundreds or even thousands (e.g., 
MacCallum, Wegener, Uchino, & Fabrigar, 1993) 

 
 Thus, it may be unrealistic that researchers consider all possible 

equivalent models 
 

 However, researchers should at least generate a few substantively 
meaningful equivalent models 
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Equivalent models 
 

 
 Too few researchers deal with the problem of equivalent models 

 
 MacCallum and Austin (2000) reviewed about 500 applications of 

SEM in 16 different research journals 
 

 They found that researchers are still mainly unaware of the 
phenomenon of equivalent models, or choose to ignore it 

 
 This is a form of confirmation bias that can be one of the most 

serious limitations of the application of SEM 
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Power analysis 
 

 
 Recall that power is the probability that the results of a statistical test 

will lead to rejection of the null hypothesis when it is false 
 

 A power analysis is conducted for a planned study, and it estimates 
power given the study’s characteristics 

 
 A variation is to specify a desired level of power (e.g., .80) and then 

estimate the minimum sample size needed to obtain it 
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Power analysis 
 

 
 A power analysis in SEM can be conducted at 

 
1.  the level of individual paths or 
 
2.  for the whole model 
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Power analysis 
 

 
 One way to estimate the power of the test for a particular 

unstandardized path coefficient in a recursive path model is to use a 
method for the technique of multiple regression (J. Cohen, 1988, 
chap. 9) 

 
 This method is amenable to hand calculation and estimates the 

power of tests of individual unstandardized regression coefficients 
 

 It requires the specification of the population proportion of unique 
variance explained by the direct effect of interest 

 
 The researcher also specifies in this method the level of � , calculates 

the noncentrality parameter for the appropriate F distribution, �  
(lambda), and then uses special tables to estimate power 
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Power analysis 
 

 
 A method by Saris and Satorra (1993) for estimating power to detect 

an added path is more specific to SEM 
 

 The basic steps are as follows: 
 

1.  Specify a priori unstandardized values of model parameters 
including one for the path of interest 

 
2.  Generate a predicted covariance matrix by using either the 

tracing rule (recursive path models only) or methods based 
on matrix algebra (e.g., Loehlin, 1998, 43-47) 

 
3.  Use this model-implied covariance matrix as the input data to 

a SEM computer program 
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Power analysis 
 

 
 The basic steps of the Saris and Satorra (1993) method are as 

follows: 
 

4.  The model analyzed does not include the path of interest (i.e., 
it is fixed to zero), and the sample size specified is a planned 
value for the study 

 
5.  The model chi-square from this analysis approximates a 

noncentral chi-square statistic 
 
6.  The researcher then consults a special table for noncentral 

chi-square for estimating power as a function of degrees of 
freedom and level of �  (e.g., Loehlin, 1998, p. 263) 

 
7.  Use df = 1 in these tables to obtain the estimated probability 

of detecting the added path when testing for it 
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Power analysis 
 

 
 MacCallum, Browne, and Sugawara (1996) described an approach 

to power analysis at the model level 
 

 It is based on the RMSEA and noncentral chi-square distributions for 
three different kinds of null hypotheses: 

 
1.  H0: � 0 �  .05 (the model has close fit in the population) 
 
2.  H0: � 0 �  .05 (there is not close fit) 

 
3.  H0: � 0 = 0 (there is exact fit) 

 
 The latter hypothesis is tested by 2

Mc , but the exact-fit hypothesis 
may be implausible 
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Power analysis 
 

 
 Higher power for a test of the close-fit hypothesis means that we are 

better able to reject an incorrect model 
 

 In contrast, higher power for a test of the not-close-fit hypothesis 
implies better ability to detect a reasonably correct model 

 
 A power analysis is conducted by specifying N, � , dfM, and a suitable 

value of � 1, the value of the parameter estimated by the RMSEA 
under the alternative hypothesis 

 
 For example, � 1 could be specified for the close-fit null hypothesis 

(i.e., H0: � 0 �  .05) as .08, the recommended upper limit for 
reasonable approximation error 



Electronic overheads for: Kline, R. B.  (2004).  Principles and Practice of Structural Equation Modeling (2nd ed.).  New York: Guilford Publications. 80 

Power analysis 
 

 
 Estimated power or minimum sample sizes can be obtained by 

consulting special tables in MacCallum et al. (1996) or Hancock & 
Freeman (2001) 

 
 MacCallum et al. (1996) give syntax for the SAS/STAT program 

(SAS Institute, 2000) for a power analysis based on the method just 
described 

 
 Another option is the Power Analysis module in STATISTICA 6 

(StatSoft 2003), which can estimate power for a structural equation 
model over ranges of values for � 1 (with � 0 fixed to .05), � , dfM, and N 
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Power analysis 
 

 
 In general, power at the model level may be low when there are few 

model degrees of freedom (i.e., dfM is close to zero) even for 
reasonably large samples 

 
 For models with only one or two degrees of freedom, sample sizes in 

the thousands may be required in order for model-level power to be 
greater than .80 (e.g., Loehlin, 1998, p. 264) 

 
 Sample size requirements for the same level of power may drop to 

about 300-400 cases for models when dfM is about 10 
 

 Even smaller samples may be needed for power to be about .80 if 
dfM > 20, but the sample size should not be less < 100 in any event 
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Power analysis 
 

 
 As noted by Loehlin (1998), the results of power analysis in SEM can 

be “sobering” 
 

 Specifically, if an analysis has a low probability to reject a false 
model, this fact should temper the researcher’s enthusiasm for his or 
her preferred model 

 
 One hopes that better awareness of power in SEM may reduce 

 
1.  confirmation bias 
 
2.  the overinterpretation of results of statistical tests, especially 

when power is low 
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