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The Path Analysis Controversy: A New Statistical Approach to
Strong Appraisal of Verisimilitude

Paul E. Meehl
University of Minnesota

Niels G. Waller
Vanderbilt University

A new approach for using path analysis to appraise the verisimilitude of theories is
described. Rather than trying to test a model’s truth (correctness), this method
corroborates a class of path diagrams by determining how well they predict intra-
data relations in comparison with other diagrams. The observed correlation matrix
is partitioned into disjoint sets. One set is used to estimate the model parameters,
and a nonoverlapping set is used to assess the model’s verisimilitude. Computer
code was written to generate competing models and to test the conjectured model’s
superiority (relative to the generated set) using diagram combinatorics and is avail-
able on the Web (http://www.vanderbilt.edu/quantmetheval/downloads.htm).

Path analysis, whatever its ultimate fate, will pre-
sent historians and philosophers of science with a
puzzle. Ever since Sewall Wright’s classic (1921) ar-
ticle and the ensuing exchanges with his critic, Niles
(1922, 1923; Wright, 1923), there has been sharp dis-
agreement about the method’s value (Breckler, 1990;
Cliff, 1983; Karlin, Cameron, & Chakraborty, 1983;
McKim & Turner, 1997). Some consider it one of the
best ways to make causal inferences from correla-
tional data; others view it as not only worthless but
misleading and not to be used at all (e.g., Freedman,
1987, 1997; Rogosa, 1987). Today, after three gen-
erations of discussion by statisticians, psychologists,
sociologists, economists, political scientists, geneti-
cists, and philosophers of science, the disagreement
still seems about as great and irresoluble as in the
Wright–Niles exchange (for historical reviews of path
analysis and structural equation models, see Aigner,
Hsiao, Kapteyn, & Wansbeek, 1984; Austin & Wolfe,
1991; Bentler, 1980; Bielby & Hauser, 1977; Epstein,
1987; Shipley, 2000).

Wherever one may stand as to the merits of path
analysis—or to the family of techniques known as
covariance structure models (CSM)—it must be ad-
mitted that the persistence of this disagreement re-
quires explanation. After all, Wright’s (1921) original
equations are merely basic algebra (for the mathemat-
ics of path analysis, see Bollen, 1989; Duncan, 1975);
thus it can hardly be a dispute about the mathematics,
about theorems, about the formalism as such. Nor can
it be a dispute about the facts, which consist of ob-
served correlation (or covariance) coefficients that
can be made as stable and robust as we wish by in-
creasing sample size.1 The explicit goal of the proce-
dure is the inference from a set of correlations to a set
of causal paths with their inferred quantitative
weights. We propose that the persisting disagreement
is neither mathematical nor factual, but methodologi-
cal or, if you like, “philosophical” in nature. Although
the rules of the formalism are not problematic, the
empirical scientist still has a certain amount of free-
dom, because one can move through the formalism
via different epistemic paths. Developing and defend-
ing this thesis is the purpose of this article, along with
a novel statistical approach that is suggested thereby.2

We are grateful to Judea Pearl, William Rozeboom, Keith
Widaman, Leslie Yonce, and Steve West for helpful com-
ments on an earlier version of this article.

Correspondence concerning this article should be ad-
dressed to Paul E. Meehl, Department of Psychology, Uni-
versity of Minnesota, Elliott Hall, 75 East River Road, Min-
neapolis, Minnesota 55455-0344, or to Niels G. Waller,
Department of Psychology and Human Development, Pea-
body College, Vanderbilt University, Box 512, Nashville,
Tennessee 37203. E-mail: pemeehl@umn.edu or
niels.waller@vanderbilt.edu

1 That some social scientists use path analysis on samples
so small as to permit disputes about the estimates is a re-
flection of a widespread bad habit of our profession, not a
valid objection to the method.

2 Some readers may question our focus on path analysis
rather than latent variable models, the latter being known as

Psychological Methods Copyright 2002 by the American Psychological Association, Inc.
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X Y

x1 x2 y1 y2

e1 e2 e3 e4

u

a b

f

c d

 

In this model, X and Y are unobserved variables, x1, x2, y1, and y2 are observed 
indicators, e1-e4 and u are random errors.  a, b, c, d, and f are correlation coefficients.   

If we know the six correlations among the observed variables, simple hand calculations 
can produce estimates of a through f.  Can also test the fit of the model. 

Why is it important to estimate models like this?  

 Most variables are measured with at least some error.  

 In a regression model, measurement error in independent variables can produce 
severe bias in coefficient estimates.   

 Can correct this bias if we have multiple indicators for variables with 
measurement error.  

Although SEM’s can be very useful, the methodology is often used badly and 
indiscriminately. 

 Often applied to data where it’s inappropriate. 

 Can often obscure rather than illuminate.   

 Easy to get sucked into overly complex modeling. 
 
Path Analysis 
 
In the SEM literature, it’s common to represent a linear model by a path diagram. 

A diagrammatic method for representing a system of linear equations.  Precise rules so 
that you can write down equations from looking at the diagram. 

Single equation:  y  =  b0 + b1x1 + b2x2 + ε beta's indicated by "b"

from Paul Allison, U Penn class notes

Administrator
Line
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x

x

1

2

y ε

 

Direct causal effect

Correlation
(no causal assumptions)

 

Why the curved arrow?  Omitting it implies that rho12  =  0.   

Endogenous variables  Variables caused by other variables in the system.  These 
variables have straight arrows leading into them.  

Exogenous variables  Variables not caused by others in the system.  No straight arrows 
leading into them.  

Not the same as dependent and independent because a variable that is dependent in 
one equation and independent in another equation is still endogenous.  

Curved lines can only link exogenous variables. 

Three variables: 

  

x

x

1

2 y ε

x3
 



Intro to path analysis—Page 1 

Intro to path analysis 
 

Sources. This discussion draws heavily from Otis Dudley Duncan’s Introduction to Structural 

Equation Models. 

Overview. Our theories often lead us to be interested in how a series of variables are interrelated. 

It is therefore often desirable to develop a system of equations, i.e. a model, which specifies all 

the causal linkages between variables.For example, status attainment research asks how family 

background, educational attainment and other variables produce socio-economic status in later 

life. Here is one of the early status attainment models (see Hauser, Tsai, Sewell 1983 for a 

discussion): 

 

 

Among the many implications of this model are that Parents’ Socio-Economic Status (X7) 

indirectly affects the Educational Attainment (X2) and Occupational Aspirations (X3) of 

children. These, in turn, directly affect children’s Occupational Attainment (X1). In other words, 

higher parental SES helps children to become better educated and gives them higher occupational 

aspirations, which in turn leads to greater occupational achievement. Our earlier discussion of the 

Logic of Causal Order, combined with the current discussion of Path Analysis, can help us better 

understand how models such as the above work. 

Review of key lessons from the logic of causal order. In the logic of causal order, we 

learned that the correlation between two variables says little about the causal relationship 

between them. This is because the correlation between two variables can be due to 
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1 – Rk

2   

where R2k is the R-squared for that particular equation.  

Effect of age on drinking: 

 –.07 Direct 24% 

–.33 (.49) –.16 Indirect through bars 55% 

–.31 (.16) –.05 Indirect thru schooling 17% 

–.31 (.04)(.49) –.01 Thru schooling & bars   3% 

Total Effect –.29  99% 

 

Effect of schooling on drinking 

Direct:  .16  89% 

Indirect:  (.04)(.49) = .02 11% 

 
Examples Using CALIS 
 
Example 1: Taken from Maruyama (1998) p. 57 

School Achievement

Social Class

Family Size

Ability

Self-esteem

e1

e3

e2

 

handout top p1



> # Maruyama (1988) Basics of structural equation modeling ex p.57
> selfesteempredR = matrix(c(1, .39, -.33, .39, 1, -.33, -.33, -.33,1), nr=3)
> selfesteempredR
      [,1]  [,2]  [,3]
[1,]  1.00  0.39 -0.33
[2,]  0.39  1.00 -0.33
[3,] -0.33 -0.33  1.00
> selfesteemR = c(.19, .14, -.14)
> pathcoeff = selfesteemR%*%solve(selfesteempredR)
> pathcoeff     #coeffs for ability social class famsize respectively
          [,1]       [,2]        [,3]
[1,] 0.1423315 0.06036429 -0.07311039
> selfesteemR%*%t(pathcoeff)  #Rsq for eq
           [,1]
[1,] 0.04572944

> #Blau-Duncan, stratification US (DAF p.76)
> #Do the Y-eq (son occupation)
> bdpredR = matrix(c(1,.538,.417,.538,1,.438,.417,.438,1), nr = 3, byrow=T)
> bdpredR
      [,1]  [,2]  [,3]
[1,] 1.000 0.538 0.417
[2,] 0.538 1.000 0.438
[3,] 0.417 0.438 1.000
> bdYR = c(.541,.596,.405)
> bdYcoef = bdYR%*%solve(bdpredR)

> bdYcoef  #coefss for W U X respectively (cf DAF p.76)
          [,1]      [,2]      [,3]
[1,] 0.2807282 0.3945428 0.1151266

> bdYR%*%t(bdYcoef)  #Rsq for eq
          [,1]
[1,] 0.4336477
> sqrt( 1 - bdYR%*%t(bdYcoef))  #see p.76 Y eq disturbance term
          [,1]
[1,] 0.7525638

> #third example, Kline fitness

path handout computations cf Lab 1 part II
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Example 2: Taken from Kline (1998) Figure 5.2 
 
Sample: 373 University students 
 

Illness

Exercise

Hardy

Fitness

Stress

e1

e3

e2

 

 
DATADATADATADATA illness (TYPE=CORR); 
 INPUT _TYPE_ $ _NAME_ $ exercise hardy fitness stress illness; 
 DATALINES; 
 CORR exercise   1.00 . . . .     
 CORR hardy      -.03 1.00 . . .    
 CORR fitness     .39  .07 1.00 . .  
 CORR stress     -.05 -.23 -.13 1.00 . 
 CORR illness    -.08 -.16 -.29  .34 1.00 
 STD    .        66.5 3.8 18.4  6.7 624.8 
 MEAN   .        40.9 0.0 67.1  4.8 716.7 
; 
PROCPROCPROCPROC CALISCALISCALISCALIS DATA=illness NOBS=373737373333 COV; 
LINEQS 
  illness= b1 fitness + b2 exercise + b3 hardy + b4 stress + e3, 
  stress = b5 fitness + b6 exercise + b7 hardy + e2, 
  fitness =             b8 exercise + b9 hardy + e1; 



 

 11 

 
STD 
  e1-e3=v1-v3; 
RUNRUNRUNRUN; 
 
             Manifest Variable Equations with Estimates 
 
  fitness  =   0.1086*exercise +  0.3960*hardy    +  1.0000 e1 
  Std Err      0.0132 b8          0.2304 b9 
  t Value      8.2492             1.7188 
 
 
  stress   =  -0.0396*fitness  +-0.00143*exercise + -0.3928*hardy    +  1.0000 e2 
  Std Err      0.0199 b5         0.00549 b6          0.0887 b7 
  t Value     -1.9926            -0.2610            -4.4273 
 
 
  illness  =  -8.8355*fitness  + 27.1251*stress   +  0.3176*exercise +-
12.1459*hardy 
  Std Err      1.7438 b1          4.5210 b4          0.4790 b2          7.9385 b3 
  t Value     -5.0669             5.9998             0.6631            -1.5300 
 
                                   +  1.0000 e3 
 
                 Variances of Exogenous Variables 
 
                                           Standard 
     Variable Parameter      Estimate         Error    t Value 
 
     exercise                    4422 
     hardy                   14.44000 
     e3       v3               318753    1.1349E-10    2.81E15 
     e2       v2             41.92241       3.07390      13.64 
     e1       v1            284.80314      20.88278      13.64 
 
                 Manifest Variable Equations with Standardized Estimates 
 
 
  fitness  =   0.3925*exercise +  0.0818*hardy    +  0.9172 e1 
                      b8                 b9 
 
  stress   =  -0.1089*fitness  + -0.0142*exercise + -0.2228*hardy    +  0.9664 e2 
                      b5                 b6                 b7 
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data, how can they predict the results of interventions
that would change the data? The distinction between
parameters and estimates runs throughout statistical
theory; the discussion of response schedules, below,
may sharpen the point.

There are other interpretive problems. At best,
Yule has established association. Conditional on the
covariates, there is a positive association between
�Paup and �Out. Is this association causal? If
so, which way do the causal arrows point? For
instance, a parish may choose not to build poor-
houses in response to a short-term increase in the
number of paupers. Then pauperism is the cause and
outrelief the effect. Likewise, the number of paupers
in one area may well be affected by relief policy
in neighboring areas. Such issues are not resolved
by the data analysis. Instead, answers are assumed a
priori. Although he was busily parceling out changes
in pauperism – so much is due to changes in out-relief
ratios, so much to changes in other variables, so much
to random effects – Yule was aware of the difficulties.
With one deft footnote (number 25), he withdrew all
causal claims: ‘Strictly speaking, for “due to” read
“associated with”.’

Yule’s approach is strikingly modern, except there
is no causal diagram with stars indicating statisti-
cal significance. Figure 1 brings him up to date. The
arrow from �Out to �Paup indicates that �Out
is included in the regression equation that explains
�Paup. Three asterisks mark a high degree of sta-
tistical significance. The idea is that a statistically
significant coefficient must differ from zero. Thus,
�Out has a causal influence on �Paup. By contrast, a
coefficient that lacks statistical significance is thought
to be zero. If so, �Old would not exert a causal influ-
ence on �Paup.

The reasoning is seldom made explicit, and diffi-
culties are frequently overlooked. Statistical assump-
tions are needed to determine significance from the

∆Paup

∆Old∆Out ∆Pop

*** ***

Figure 1 Yule’s model. Metropolitan unions, 1871–1881

data. Even if significance can be determined and
the null hypothesis rejected or accepted, there is a
deeper problem. To make causal inferences, it must
be assumed that equations are stable under proposed
interventions. Verifying such assumptions – without
making the interventions – is problematic. On the
other hand, if the coefficients and error terms change
when variables are manipulated, the equation has only
a limited utility for predicting the results of interven-
tions.

Social Stratification

Blau and Duncan [12] are thinking about the strat-
ification process in the United States. According to
Marxists of the time, the United States is a highly
stratified society. Status is determined by family
background, and transmitted through the school sys-
tem. Blau and Duncan present cross-tabs (in their
Chapter 2) to show that the system is far from deter-
ministic, although family background variables do
influence status. The United States has a permeable
social structure, with many opportunities to succeed
or fail. Blau and Duncan go on to develop the path
model shown in Figure 2, in order to answer ques-
tions like these:

‘how and to what degree do the circumstances of
birth condition subsequent status? how does status
attained (whether by ascription or achievement) at
one stage of the life cycle affect the prospects for a
subsequent stage?’

The five variables in the diagram are father’s edu-
cation and occupation, son’s education, son’s first
job, and son’s occupation. Data come from a special
supplement to the March 1962 Current Population
Survey. The respondents are the sons (age 20–64),
who answer questions about current jobs, first jobs,
and parents. There are 20 000 respondents. Education
is measured on a scale from 0 to 8, where 0 means no
schooling, 1 means 1–4 years of schooling, and so
forth; 8 means some postgraduate education. Occu-
pation is measured on Duncan’s prestige scale from
0 to 96. The scale takes into account income, educa-
tion, and raters’ opinions of job prestige. Hucksters
are at the bottom of the ladder, with clergy in the
middle, and judges at the top.

How is Figure 2 to be read? The diagram unpacks
to three regression equations:

U = aV + bX + δ, (4)

DAF text pp 75-77
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V

X

U

W

Y

.516

.310

.224

.279 .440 .115

.394

.281

.859

.818

.753

V is DADS’ ED
X is DADS’ OCC
U is SONS’ ED
W is SONS’ 1st JOB
Y is SONS’ OCC

Figure 2 Path model. Stratification, US, 1962

W = cU + dX + ε, (5)

Y = eUi + f X + gW + η. (6)

Parameters are estimated by least squares. Before
regressions are run, variables are standardized to have
mean 0 and variance 1. That is why no intercepts are
needed, and why estimates can be computed from the
correlations in Table 2.

In Figure 2, the arrow from V to U indicates
a causal link, and V is entered on the right-hand
side in the regression equation (4) that explains U .
The path coefficient .310 next to the arrow is the
estimated coefficient â of V . The number .859 on
the ‘free arrow’ that points into U is the estimated
standard deviation of the error term δ in (4). The
other arrows are interpreted in a similar way. The
curved line joining V and X indicates association
rather than causation: V and X influence each other

or are influenced by some common causes, not further
analyzed in the diagram. The number on the curved
line is just the correlation between V and X (Table 2).
There are three equations because three variables in
the diagram (U , W , Y ) have arrows pointing into
them.

The large standard deviations in Figure 2 show the
permeability of the social structure. (Since variables
are standardized, it is a little theorem that the
standard deviations cannot exceed 1.) Even if father’s
education and occupation are given, as well as
respondent’s education and first job, the variation in
status of current job is still large. As social physics,
however, the diagram leaves something to be desired.
Why linearity? Why are the coefficients the same for
everybody? What about variables like intelligence or
motivation? And where are the mothers?

The choice of variables and arrows is up to the
analyst, as are the directions in which the arrows
point. Of course, some choices may fit the data less
well, and some may be illogical. If the graph is
‘complete’ – every pair of nodes joined by an arrow –
the direction of the arrows is not constrained by the
data [[22] pp. 138, 142]. Ordering the variables in
time may reduce the number of options.

If we are trying to find laws of nature that are sta-
ble under intervention, standardizing may be a bad
idea, because estimated parameters would depend on
irrelevant details of the study design (see below).
Generally, the intervention idea gets muddier with
standardization. Are means and standard deviations
held constant even though individual values are
manipulated? On the other hand, standardizing might
be sensible if units are meaningful only in compara-
tive terms (e.g., prestige points). Standardizing may
also be helpful if the meaning of units changes over
time (e.g., years of education), while correlations are
stable. With descriptive statistics for one data set, it
is really a matter of taste: do you like pounds, kilo-
grams, or standard units? Moreover, all variables are

Table 2 Correlation matrix for variables in Blau and Duncan’s path model

Y

Sons’occ
W

Sons’1st job
U

Sons’ed
X

Dads’occ
V

Dads’ed

Y Sons’occ 1.000 .541 .596 .405 .322
W Sons’1st job .541 1.000 .538 .417 .332
U Sons’ed .596 .538 1.000 .438 .453
X Dads’occ .405 .417 .438 1.000 .516
V Dads’ed .322 .332 .453 .516 1.000

handout shows computation of path coeff, disturbances etc
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