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VERIPATH is a Mathematica r© program for assessing the verisimilitude of path analysis mod-
els by the method of Paul Meehl and Niels Waller (2001). This document briefly describes
how to write and execute VERIPATH command files. Some knowledge of Mathematica is
presumed of the reader. For example, readers should know how to enter a matrix and eval-
uate a notebook. The Mathematica online help facility describes how this is done. Basic
Mathematica commands are easy to learn and it is likely that one could run VERIPATH by
simply modifying the sample command files that are reproduced in this manual.

1 The VERIPATH Model

VERIPATH models are patterned after a LISREL submodel (Jöreskog and Sörbom, 1996)
in which exogenous variables are denoted by x and endogenous variables are denoted by y.
Following this convention, VERIPATH defines the path model as:

y = By + Γx + ζ (1)

where B is a p×p matrix of coefficients denoting directed paths between endogenous variables,
Γ is a p × q matrix of coefficients specifying paths from exogenous to endogenous variables;
y is a p× 1 vector of endogenous variables; x is a q × 1 vector of exogenous variables and ζ
is a p × 1 vector of errors in the equations. Consistent with common practice (in the path
analysis literature), VERIPATH assumes that each variable in y and x has a mean of 0.00
and a standard deviation of 1.00.1

Let Φ = E (xx′), the observed correlations among the exogenous variables and Ψ =
E (ζζ′), the covariances among the error variables. Currently, VERIPATH handles recursive
models only, and models without correlated errors. Thus, under this constraint, Ψ is a
diagonal matrix of residual variances.

The fixed and free parameters (θ) in Equation 1 imply a predicted correlation matrix:

Σ (θ) =

(
(I − B)−1 (ΓΦΓ′ + Ψ) (I − B)−1′

(I − B)−1ΓΦ

ΦΓ′ (I − B)−1′
Φ

)
(2)

Several discrepancy functions are available for estimating the elements of θ. Currently
popular discrepancy functions are Maximum Likelihood (ML), Generalized Least Squares
(GLS), and Unweighted Least Squares (ULS). We will have more to say about parameter
estimation in later sections.

1Later we will see that VERIPATH also expects users to input a vector of variable standard deviations.
The standard deviations are used to generate LISREL job command files in which covariance matrices are
analyzed.
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2 How VERIPATH Quantifies Verisimilitude

Let D denote the diagram implied by a path analysis model. Although any particular diagram
D is incorrect — in the sense that D represents a model known a priori to be false —
a substantive theory T motivates a preferred diagram D*; and more weakly (broadly), it
deductively entails a class of diagrams T → {DT}. Our aim is to compare the success of
our conjectured D*, and a narrow class of diagrams {DT} tolerated by T, with an important
subclass of diagrams {–DT} that T forbids. In doing this, we will be indirectly comparing the
adequacy of T with conceivable competing theories whether known or not (although not with
all competing theories).

The preferred diagram D* relates the observed correlations {rj} to a conjectured set of
causal arrows with path coefficients {ci}, thus D* → Rel[{ci}, {rj}], where Rel[{ci}, {rj}]
denotes the overall complex relations between the r s and the c s. This total configural rela-
tionship between the observed correlations and the conjectured causal paths can be parsed
into relations between various subsets, each defining two composite relations Rel1 and Rel2
that have the c s in common but are disjoint with respect to the r s. Thus, having chosen
a subset of the observed correlations, we can write a relation Rel1[{ci}, {rj}] and the other
relation Rel2 employing the other correlations, Rel2[{ci}, {rk}]. If there are k path coefficients
in the diagram for which we wish to solve, we require k polynomial equations, which means
choosing k of the observed r s, plus the r s among the exogenous variables, as the source of
our predictions. Not all subsets of correlations will work. However, we have found that the
k polynomials can always be solved by choosing r s using the following rules: (a) choose all
r s among the exogenous variables, and (b) if there is a directed path, cij, between variables
i and j, choose rij.

Solving these k polynomials for the k path coefficients that are the unknowns in our
diagram, we plug these c s into the polynomials for generating the unused r s. We then
compute an overall index of error that quantifies the internal consistency of the model–to–
data and data–to–data relations. Specifically, using the m correlations that were not used
to solve the k polynomials (and k path coefficients) we compute a root mean square residual
correlation:

RMSr =

√
1

m

∑
i6=j

(rij − r̂ij)
2 (3)

Equation 3 has several attractive properties as a fit index. First, recent work by Hu
and Bentler (1998, 1999) demonstrates that the standardized root mean square residual is
sensitive to model miss-specification and relatively more sensitive to underparameterized miss-
specification than other popular fit indices.2 Second, the interpretation of Equation 3 is
straightforward because it quantifies model–data differences in the metric of the data (i.e., in

2Hu and Bentler studied a root mean squared index that was defined slightly different from our own index.
The critical differences are noted in the text.
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the metric of the correlations). We prefer not to call Equation 3 a “goodness–of–fit” index
but rather a “badness–of–fit” index, emphasizing that what we are doing is looking for the
least bad job of internal data–to–data prediction achievable by the diagram. We know that
T is imperfect (and probably false), and hence we know that D* is false, as are all of the
diagrams {DT} that T tolerates.

We now get a “corrupted” D by substituting a causal arrow that was left blank in D*,
striking an arrow in D*, and repeat the above procedure for that corrupted D; we do this
repeatedly, getting a badness–of–fit for each corrupted D. We call this method for generating
corrupted diagrams the delete 1 – add 1 (D1A1) rule. Our first most risky prediction is that
the preferred D* does better than any of the corrupted Ds. But we also permit ourselves a less
risky prediction, given that a subset of alternative arrows is tolerated (although not preferred)
by T, so it is possible that one of the corrupted diagrams will do better than D*. For example,
if D* has seven causal arrows, and T tolerates two others in a slightly corrupted D, then 2
× 7 = 14 such substitutions are tolerated. This still leaves us with a strong prediction that
the best diagram, while it may not be D* as we rationally hope, is to be found among this
14. This subset of 14 + 1 = 15 tolerated diagrams is often a small proportion of the possible
diagrams in highly over-identified models.

We understand our weak theory T does not literally say that all null arrows in the tol-
erated set {DT} are exactly zero, but only that they are (we hope) “negligible” in causal
strength compared with those drawn in members of {DT}. Our calculations treat them as
zero, despite our knowing better. Thus, our strong prediction is that all of these corrupting
substitutions will make things worse. If our risky prediction motivated by T turns out correct,
T is corroborated. T, despite being fairly weak in content, is strongly corroborated if the fit
index (Equation 3) associated with D* is substantially smaller than the fit indices associated
with a large number of corrupted diagrams.

3 An Example Path Analysis

We illustrate our method for appraising path models by considering the series of models in
Figure 1. Assume that Figure 1A depicts the true and unknown relations among a set of
variables. This simple model with four manifest variables includes five directed paths and an
observed correlation (an undirected path) between two exogenous variables. The five path
coefficients and the exogenous correlation exhaust the 6 nonredundant pieces of information
in the 4 × 4 correlation matrix. Thus, we have a just-identified recursive model with two
exogenous variables (x1 and x2) and two endogenous variables (y1 and y2). In Figure 1B, we
have substituted letters for the path coefficients for ease of communication. Note that in all
diagrams, the paths from the residual factors (disturbance terms, error variables) have been
omitted to avoid clutter; nevertheless, they are estimated in the procedures outlined below.

As noted earlier, a system of equations that are implied by a path diagram can be con-
veniently expressed using matrix algebra. Assume that Figure 1C represents a researcher’s
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preferred model for the causal relations among variables x1, x2, y1, and y2. The system of
equations that are implied by this graph can be written:[

y1

y2

]
=

[
0 0
a 0

] [
y1

y2

]
+

[
b 0
c d

] [
x1

x2

]
+

[
ζ1

ζ2

]
(4)

or more compactly as,

y = By + Γx + ζ (5)

where all symbols are defined as above.
The most common method of estimating the free parameters in path analysis and structural

equation models uses a maximum likelihood discrepancy function:

F = log‖Σ (θ) ‖+ tr(S Σ−1 (θ))− log‖S‖ − (p + q) (6)

where S denotes the observed correlation matrix; tr denotes the trace operator; ‖A‖ denotes
the determinant of matrix A; and all other terms are defined as above. Equation 6 illustrates
an important property of so-called full information estimation methods (such as maximum
likelihood); namely, all elements in the observed covariance matrix are taken into account
when locating the ML estimates. This is an attractive feature of ML estimates. However,
for model testing purposes, we suggest that less efficient estimates may be preferable when
appraising the verisimilitude of a model.3 In the sections below, we demonstrate several
advantages of using a subset of correlations to derive path coefficients and a disjoint subset to
appraise the model. Our method of estimation is similar to Wright’s (1921, Meehl & Waller,
2001) original method, although we have formulated the problem using matrix algebra.

We have already shown how the model implied by Figure 1C can be expressed in matrix
terms using Equation (4). Working through the operations implied by Equation (1) yields the
following structure for the predicted correlations among our four hypothetical variables.4

r̂(y1,y2) = bc + bdr(x1,x2) + a
(
1− bry1,x1 + b2

)
(7)

r̂(y1,x1) = b (8)

r̂(y1,x2) = br(x1,x2) (9)

r̂(y2,x1) = ab + c + dr(x1,x2) (10)

r̂(y2,x2) = abr(x1,x2) + cr(x1,x2) + d (11)

3Maximum likelihood or other efficient estimates are preferable for estimating causal effects. We use less
efficient estimates for model assessment purposes only.

4Some readers may question the accuracy of Equation (7). The equation is correct because ry1,x1 = b in
this model and thus the last term of the equation is a model-implied constraint.
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Table 1:

Correlation matrix for example path analysis model.

Y1 Y2 X1 X2

Y1 1.00
Y2 .50 1.00
X1 .43 -.28 1.00
X2 .23 .54 .30 1.00

Imagine that we have data on variables x1, x2, y1, and y2 and we have calculated the cor-
relation matrix shown in Table 1. Our path model includes four unknowns: a, b, c, and d.
We can solve for these unknowns using four of the five polynomials in Equations (7) through
(11). To do so, we substitute observed correlations for predicted correlations in a sufficient
set of four equations by following our aforementioned selection rule. Specifically, if there is
a directed path, cij, between variables i and j, we choose rij. Following this procedure re-
veals that the four unknown model parameters can be estimated without any consideration
of r(y1,x2). Solving the polynomials yields the following estimated path coefficients:

a = .76

b = .43

c = −.81

d = .69

Because r(y1,x2) was not used to estimate the model parameters, we can use this value
to assess the internal consistency of the data given the hypothesized model structure. The
standardized root mean square residual for the model (using only those correlations not used
to estimate the parameters) equals,

RMSr =

√
(ry1,x2 − r̂y1,x2)

2

.10 =
√

(.23− .13)2

Of course, with only a single degree of freedom at our disposal, the observed RMSr is
not particularly informative when it is considered in isolation (although if the RMSr was
large, we would reject the model no matter how many degrees of freedom were available).
However, because our basic philosophy stresses the importance of model comparisons, we do
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Table 2:

RMSr for D* and corrupted path models

Diagrama RMSr
C = .10
D = .32
E = .55
F = .36
G = .59
H = .55

a D* = Diagram C

not consider any fit index in isolation. Rather, we repeat the above procedures on a series of
corrupted path models as described in the previous sections.

Recall that we generate corrupted path models by following the delete 1 – add 1 procedure.
That is, we delete a path from D* and then add a new path. By deleting and adding the same
number of paths (i.e., one path) we attempt to keep the degrees of freedom of the corrupted
and original models equal.5 This is important because the fit of a model, as indexed by the
RMSr, can only go up if we add new paths without deleting old paths (When we add paths
without deleting paths, empirical fit will always increase or remain unchanged even though
theoretic fit may decrease. See Olsson, Troye, & Howell, 1999, for the important distinction
between empirical and theoretic fit in structural equation models).

Letting Figure 1C represent D*, the delete 1 – add 1 rule generates five corrupted path
models with identified parameters. The path diagrams for these models are portrayed in
Diagrams D through H of Figure 1. In all of these diagrams, the new path is labelled w.

Following the procedures outlined above, we calculated path coefficients for the five cor-
rupted path diagrams displayed in Figure 1D – H. The RMSr for D* and the five corrupted
models are reported in Table 2. Notice that D*, the researcher’s preferred model (Diagram C),
fits the data substantially better than the alternative models when we quantify fit by RMSr.
This does not prove that D* is the correct model. In fact, in this hypothetical example we
know that D* is not the correct model because the data were simulated to fit Figure 1A
(the “true” population structure). Nevertheless, these findings suggest that D* is a plausible
model with verisimilitude. Other plausible models may also exist (in some cases, with high
probability), some of which may produce equivalent empirical fit (Lee & Hershberger, 1990;
MacCallum, Wegener, Uchino, & Fabrigar, 1993). One of the strengths of our approach is

5It is possible for the degrees of freedom of a corrupted model to differ from that of the original model. This
occurs when an exogenous variable no longer points to any endogenous variables. In this case the exogenous
variable is removed from the model.
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that the subset of equivalent models that are structurally close to D* — specifically, those
models that differ by the reflection of a single directed path — will be included among the
set of corrupted models. If this subset is large relative to the total set of corrupted models,
the evidentiary weight in favor of D* is weakened because many structurally-close models fit
the data equally well. We consider this to be a positive attribute of a fit measure. The next
section demonstrates how to write and execute VERIPATH input files.

4 Components of a VERIPATH Command File

VERIPATH command files are plain text (ascii) files. Output files are also written in plain text
and are best read with a file editor such as Notepad, WinEdt (http://www.winedt.com/main.html),
or [substitute your favorite editor]. Output files can also be read in MS Word using 10 point
Courier New font.

VERIPATH command files are composed of a maximum of nine components, several of
which are required. The individual components are labelled (and numbered) as follows:

1 OUTPUT OPTIONS

2 JOB TITLE

3 ORDER CONSTRAINTS

4 OUTPUT VERBOSITY

5 PARAMETER MATRICES

6 INPUT CORRELATION MATRIX

7 INPUT STANDARD DEVIATIONS

8 NUMBER OF SUBJECTS

9 VARIABLE ORDER

A sample command file for the path model depicted in Figure 1C is shown below. Note
that in Mathematica, comments are inserted between (* and *).

(*======================================================================*)
(* Niels Waller, Nov 16, 2001 *)
(* *)
(*This is the VERIPATH command file that was used to generate the *)
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(*alternative models for Example 1 in Meehl and Waller. *)
(* =====================================================================*)

(* [1] OUTPUT OPTIONS *)
(* file1 is the VERIPATH output file. *)
(* file2 contains the stacked LISREL command jobs. *)

file1=OpenWrite["d:\Projects\Front Burner\MeehlWaller\Examples\Example1\Example1.VPout"];
file2=OpenWrite["d:\Projects\Front Burner\MeehlWaller\Examples\Example1\Example1.lpj"];

SetOptions[file1,PageWidth->75];

(* [2] JOB TITLE *)
jobTitle="Meehl and Waller Example 1";

(* [3] ORDER CONSTRAINTS *)
timeOrder={ };

(* [4] OUTPUT VERBOSITY *)
(* LONG = verbose output for alternative models will be printed *)
(* and a stacked LISREL command file for the alternative *)
(* models will be created. *)
(* SHORT = only summary information for alternative models will *)
(* be printed. *)
printOutput="LONG";

(* [5] PARAMETER MATRICES*)
gamma={ {y1x1, 0},

{y2x1, y2x2}}

beta={ { 0, 0},
{y2y1, 0}}

(* [6] INPUT CORRELATION MATRIX *)
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sigma={ {1.00, .50, .43, .23},
{ .50, 1.00, -.28, .54},
{ .43, -.28, 1.00, .30},
{ .23, .54, .30, 1.00}}

(* [7] INPUT STANDARD DEVIATIONS *)
stdVec={{1.0, 1.0, 1.0, 1.0}};

(*[8] NUMBER OF SUBJECTS*)
nSubj=200;

4.0.1 OUTPUT OPTIONS

OUTPUT OPTIONS is a required component that is composed of two parts: (1) the file1
assignment and (2) the SetOptions command. The file1 assignment defines the job output
file. For instance, the command:

file1=OpenWrite["ex1OUT.txt"];

instructs VERIPATH to send program output to a file named "ex1out.txt". File names may
contain path statements (e.g., “c:\VP\ex1out.txt”).

The SetOptions command specifies the page width (in columns) of the output file. For
example,

SetOptions[file1,PageWidth->160];

instructs VERIPATH to set the page width of file1 to 160.

4.0.2 JOB TITLE

JOB TITLE is a required component. Job titles of any length are specified by assigning a
string value to the jobTitle variable. Strings may contain escape sequences, such as \n (line
break) or \t (tab).

jobTitle="Example 1 from Meehl and Waller, 2001";
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4.0.3 ORDER CONSTRAINTS

ORDER CONSTRAINTS is a required component. Many path models have implied order
constraints that must be respected by the delete 1 – add 1 rule. For instance, if variable B
is causally prior to variable C, and a model includes B → C, then B ← C should not be
included in a corrupted model if its inclusion violates time’s arrow. To accommodate order
restrictions, VERIPATH includes the timeOrder variable. timeOrder is defined as an empty
list if a model includes no order constraints.

timeOrder={ };

If a model includes order constraints, timeOrder is defined as a list of lists in which the first
element indicates the time position and the second element indicates the variables occurring
in that position. For example, consider a 7 variable model in which the variables are ordered
into 6 time slots. Variable 7 occurs first; variable 6 occurs second; Variables 1 and 3 occur
third; Variable 2 occurs fourth, Variable 4 occurs fifth, and Variable 5 occurs sixth. These
constraints are specified as follows:

timeOrder={ {1,{7}}, {2,{6}}, {3,{1,3}},{4,{2}},{5,{4}},{6,{5}} };

Using this information, VERIPATH determines that the following paths should not be
included in corrupted models.
5 → 4
5 → 2
5 → 1
5 → 3
5 → 6
5 → 7
4 → 2
4 → 1
4 → 3
4 → 6
4 → 7
2 → 1
2 → 3
2 → 6
2 → 7
1 → 6
3 → 6
1 → 7
3 → 7
6 → 7
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4.0.4 OUTPUT VERBOSITY

OUTPUT VERBOSITY is a required component. Output verbosity is controlled by the
printOutput variable. Two values are available for printOutput:

printOutput=LONG;

printOutput=SHORT;

These options differ in the following way: printOutput=LONG prints detailed results for D*
and all corrupted (alternative) models, whereas printOutput=SHORT prints detailed results
for D* and summarized results for corrupted models.

4.0.5 PARAMETER MATRICES

As previously described, VERIPATH uses a LISREL submodel in which path coefficients are
included in two matrices: β and Γ. In VERIPATH, these matrices are named beta and
gamma.

For example,

beta = {{ 0, 0},

{a, 0}};

gamma = {{b, 0},

{c, d}};

Path coefficients are denoted by any letter, or combination of letters and numbers (the
one restriction is that coefficient names must begin with a letter). To avoid conflicts with
predefined variables, you should avoid names such as beta, gamma, phi, sigma, i, j, k, x, y,
etc. Moreover, you should never call a path coefficient “w” because this name is reserved for
the added path in corrupted models. For large models, we have found that c1, c2, c3 . . . cn
works well. Using names that are descriptive of the indicated path is also recommended (e.g.,
y1x1, y1x2, y2y1).

4.0.6 INPUT CORRELATION MATRIX

The analyzed correlation matrix must be named sigma. The program handles matrices of any
order. The rows and columns of sigma must be arranged so that y variables appear before
x variables. Because this will not be the case with many published correlation matrices,
VERIPATH provides a function for reordering a matrix.
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4.0.7 INPUT STANDARD DEVIATIONS

Although VERIPATH works directly on correlations, as part of the model assessment phase
the program also generates LISREL command files for all alternative models. To generate
correct fit statistics and to calculate the correct model degrees of freedom, LISREL requires
covariance matrices. LISREL will convert a correlation matrix into a covariance matrix if it
is given the appropriate standard deviations. These standard deviations can be specified in
VERIPATH by assigning them to the variable stdVec.

stdVec={{1.2, 1.1, .95, 1.1}};

4.0.8 NUMBER OF SUBJECTS

As noted in the previous section, VERIPATH generates LISREL command files for all al-
ternative models. To calculate many fit statistics LISREL must know the sample size. In
VERIPATH sample size is specified with the nSubj variable.

nSubj = 200;

4.0.9 VARIABLE ORDER

VARIABLE ORDER is an optional component. VARIABLE ORDER was written to simplify the task
of entering published correlation matrices.

To reorder a matrix, the user calls the reOrderSigma command. reOrderSigma reorders
the rows and columns of a matrix so that endogenous (y) variables come before exogenous (x)
variables.

reOrderSigma takes two arguments. The first argument is the name of the unordered
matrix. This matrix can have any name; however, the analyzed matrix must be called “sigma”.
The second argument is a list. We typically use the name newOrder for this argument,
although any name is acceptable. newOrder is defined as follows:

Assume you have 7 variables. The original order is (by definition) 1, 2, 3, 4, 5, 6, 7.
Suppose you want to rearrange the variables into the order: 1, 3, 5, 4, 2, 7, 6 (Note: this last
point may cause confusion. In our system, the ranking 1, 3, 5, 4, 2, 7, 6 means that variable 2
is to be placed in position 3, variable 3 is to be placed in position 5, etc.). You can accomplish
this by defining newOrder as: newOrder={1, 3, 5, 4, 2, 7, 6}. This would retain variable
1 in position 1, variable 2 would now be in position 3, variable 3 would be placed in position
5, variable 4 would remain in position 4, variable 5 would be placed in position 2, variable 6
would be placed in position 7, and variable 7 would be placed in position 6.

A call to reOrderSigma might resemble the following commands.

neworder ={1, 3, 5, 4 ,2, 7, 6}

sigmab = reOrderSigma[sigma,neworder];
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sigma =.;

sigma = sigmab;

Clear[sigmab];

5 Example 1: Running VERIPATH

VERIPATH command files are executed by opening Mathematica and evaluating the VERI-
PATH notebook (VERIPATH.nb). Before evaluating VERIPATH it may be necessary to
insert two commands: (1) the directory containing the command file and (2) the command
file name (preceded by <<, the Mathematic function for reading in a file). For example, if a
command file named ex1.txt resided in h:\MW\PROGS\VP, the user would enter:

SetDirectory["h:\MW\PROGS\VP"];

<< ex1.txt;

6 Example 1: Output

VERIPATH output is reported in a series of numbered sections. Because most of the sections
are self explanatory, only a few sections are discussed here. To facilitate discussion of these
sections, we draw your attention to the output file from the aforementioned path analysis
example.

BEGINNING OF OUTPUT

VERIPATH 1.2

Niels G. Waller

As described in:

Meehl, P. E. & Waller, N. G. (2001). The Path Analysis Controversy:
A New Statistical Approach to Strong Appraisal of Verisimilitude.

Summary of Results for D-star (Investigator’s Model)
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Job title: Example 1 from Meehl and Waller, 2001

The matrix contains 6 nonredundant correlations.
1 correlation(s) are among exogenous variables.
4 paths were estimated using 5 correlations in 4 equations.
1 correlations are available to assess the model’s verisimilitude.

[1] Root Mean Squared Residuals:

RMSr = 0.101

[2] Parameter matrices

Beta 0 0
a 0

Gamma
b 0
c d

[3] Predicted Correlation Matrix:

1.000 0.500 0.430 0.129
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.129 0.540 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:
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{{2, 1}, {1, 3}, {2, 3}, {2, 4}}

[6] Model implied polynomials

2
a (1 - 0.43 b + 1. b ) + b (1. c + 0.3 d) == 0.5

1. b == 0.43

1. a b + 1. c + 0.3 d == -0.28

0.3 a b + 0.3 c + 1. d == 0.54

[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{a -> 0.761, b -> 0.43, c -> -0.813, d -> 0.686}

[8] Estimated Coefficients (Unweighted Least Squares solution):

{a -> 0.78, b -> 0.455, c -> -0.841, d -> 0.686}

[9] Bounds on correlations used to assess the model’s verisimilitude

r[4,1] = 0.230 {r -> 0.109, r -> 0.989}

=========================================================
SUMMARY OF RESULTS

=========================================================

Number of Identified Alternative Models = 5

RMSr of Theoretical Model = 0.101

Overall fit (RMSr(D*) < x% RMSr(~D*) = 1.

Descriptive Statistics for RMSr
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Measures of location
Mean RMSr of Corrupted Models = 0.473
20% Trimmed Mean of RMSr of Corrupted Models = 0.486
MIN = 0.319
5thPercentile = 0.319
10thPercentile = 0.319
20thPercentile = 0.34
25thPercentile = 0.351
Median = 0.547
75thPercentile = 0.56
MAX = 0.585

Measures of Dispersion
Standard Dev. = 0.11
Median Dev. = 0.038

=========================================================
DETAILED RESULTS FOR ALTERNATIVE MODELS

=========================================================

=========================================================
Summary of Results for Alternate Model # 1

[1] Root Mean Squared Residuals:

RMSr = 0.319

[2] Parameter matrices

Beta
0 w
0 0

Gamma
b 0
c d

[3] Predicted Correlation Matrix:
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1.000 0.500 0.430 0.549
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.549 0.540 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:

{{1, 2}, {1, 3}, {2, 3}, {2, 4}}

[6] Model implied polynomials

1. b c + 0.3 b d + (1 + 0.28 c + c (1. c + 0.3 d) - 0.54 d + d (0.3 c + 1. d)) w == 0.5

1. b + (1. c + 0.3 d) w == 0.43

1. c + 0.3 d == -0.28

0.3 c + 1. d == 0.54

[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{b -> 0.618, c -> -0.486, d -> 0.686, w -> 0.673}

=========================================================
Summary of Results for Alternate Model # 2

[1] Root Mean Squared Residuals:

RMSr = 0.551

19



[2] Parameter matrices

Beta
0 0
0 0

Gamma
b w
c d

[3] Predicted Correlation Matrix:

1.000 -0.051 0.430 0.230
-0.051 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:

{{1, 3}, {1, 4}, {2, 3}, {2, 4}}

[6] Model implied polynomials

1. b + 0.3 w == 0.43

0.3 b + 1. w == 0.23

1. c + 0.3 d == -0.28

0.3 c + 1. d == 0.54
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[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{b -> 0.397, c -> -0.486, d -> 0.686, w -> 0.111}

=========================================================
Summary of Results for Alternate Model # 3

[1] Root Mean Squared Residuals:

RMSr = 0.361

[2] Parameter matrices

Beta
0 0
a 0

Gamma
0 w
c d

[3] Predicted Correlation Matrix:

1.000 0.500 0.069 0.230
0.500 1.000 -0.280 0.540
0.069 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:

{{2, 1}, {1, 4}, {2, 3}, {2, 4}}
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[6] Model implied polynomials

2
(0.3 c + 1. d) w + a (1 - 0.23 w + 1. w ) == 0.5

1. w == 0.23

1. c + 0.3 d + 0.3 a w == -0.28

0.3 c + 1. d + 1. a w == 0.54

[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{a -> 0.397, c -> -0.486, d -> 0.594, w -> 0.23}

=========================================================
Summary of Results for Alternate Model # 4

[1] Root Mean Squared Residuals:

RMSr = 0.585

[2] Parameter matrices

Beta
0 0
a 0

Gamma
b w
0 d

[3] Predicted Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 0.305 0.540
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0.430 0.305 1.000 0.300
0.230 0.540 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:

{{2, 1}, {1, 3}, {1, 4}, {2, 4}}

[6] Model implied polynomials

0.3 b d + 1. d w + a (1 - 0.43 b + b (1. b + 0.3 w) - 0.23 w + w (0.3 b + 1. w)) == 0.5

1. b + 0.3 w == 0.43

0.3 b + 1. w == 0.23

1. d + a (0.3 b + 1. w) == 0.54

[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{a -> 0.397, b -> 0.397, d -> 0.449, w -> 0.111}

=========================================================
Summary of Results for Alternate Model # 5

[1] Root Mean Squared Residuals:

RMSr = 0.547

[2] Parameter matrices

23



Beta
0 0
a 0

Gamma
b w
c 0

[3] Predicted Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 -0.007
0.430 -0.280 1.000 0.300
0.230 -0.007 0.300 1.000

[4] Observed Correlation Matrix:

1.000 0.500 0.430 0.230
0.500 1.000 -0.280 0.540
0.430 -0.280 1.000 0.300
0.230 0.540 0.300 1.000

[5] Observed r’s used in solve:

{{2, 1}, {1, 3}, {1, 4}, {2, 3}}

[6] Model implied polynomials

1. b c + 0.3 c w + a (1 - 0.43 b + b (1. b + 0.3 w) - 0.23 w + w (0.3 b + 1. w)) == 0.5

1. b + 0.3 w == 0.43

0.3 b + 1. w == 0.23

1. c + a (1. b + 0.3 w) == -0.28

[7] Estimated Coefficients (i.e.,solution to polynomial equations):
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{a -> 0.761, b -> 0.397, c -> -0.607, w -> 0.111}

END OF OUTPUT

In a VERIPATH output file, the first statements following the job title report the number
of correlations used to estimate the model parameters and the number of correlations (in a
nonredundant set) used to test the model’s verisimilitude. Ideally, the ratio of these numbers
is small.

Section [1] follows with a report of root mean squared residuals. The RMSr is computed
using Equation (3).

Section [6] reports the model-implied polynomials that are used to estimate the path
coefficients. Users who scan these equations may conclude that the polynomials differ from
those implied by Wright’s tracing rules. However, as stated in Footnote 3, the equations are
correct. They may appear wrong because they include model-implied constraints that equal
zero once the parameter estimates are substituted into the equations.

Finally, we focus on Section [9]. A potential concern with the underlying logic of VERI-
PATH is that the correlations that are used to estimate the model parameters are not indepen-
dent from those that are used to test the model’s verisimilitude. Specifically, the theoretical
range of a correlation in one set is partly determined by the correlations in the other set even
though the two sets have no common elements.

The theoretical range for any element in a correlation matrix is generally not from −1.00
to 1.00. Thus, if the theoretical range of a correlation is tightly bound around the model-
implied value from the path structure, then our ability to assess the model’s verisimilitude is
severely weakened. Fortunately, as displayed in the output, there is plenty of “wiggle room”
in the observed correlations to reject false models using the RMSr index. We calculate the
theoretical bounds on the correlations as follows.

First, we assume that the observed correlation matrix is nonsingular (i.e., that it has an
inverse). In other words, we assume that the determinant is greater than 0.00 (this is a
standard assumption). Call the correlation matrix R. To derive the theoretical bounds on a
specific correlation in R, say rjk, we substitute the correlation with a place holder — call it x
— for rjk and rkj. Finally, we compute the symbolic determinant of R. This determinant can
be expressed as a quadratic in x and thus can be solved by the quadratic formula. The two
solutions to this formula give values of rjk that make the determinant equal to 0.00. Any value
of rjk that falls within these bounds is theoretically possible (i.e., we have a mathematically
legitimate correlation matrix).

The one limitation of our approach is that it presumes that all correlations except one
are known. Yet, we typically work with a batch of correlations when assessing a model’s
verisimilitude. The theoretical bounds on multiple correlations (i.e., several correlations)
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cannot be reported economically (they fall within subregions of high dimensional space).
Nevertheless, the large range allowed by boundary values that are found by our method should
convince anyone that a well-fitting model could have fit poorly if the observed correlations
had been different.

7 Example 2: Publishing Productivity

Let us consider a path model with time-ordered constraints. The data were originally pub-
lished by Rodgers and Maranto (1989) in a study of academic publishing productivity. Al-
though their publication compares 6 models, we focus on the authors’ final, and preferred,
model only.

To study the causal predictors of academic publishing productivity, Rodgers and Maranto
mailed questionnaires to a probability sample of 932 members of the American Psychological
Association. Two hundred and forty-four completed questionnaires were returned. However,
due to missing data and various exclusion criteria (e.g., an individual did not have a Ph.D. in
psychology), only 162 questionnaires (from 86 men and 76 women) were included in the final
sample.

The model under consideration is the most comprehensive from the Rodgers and Maranto
study. It includes 7 variables of academic training and achievement, some of which are com-
posites of other variables that we do not consider here. The seven variables, with their
abbreviated names and positions in the analyzed correlation matrix, are listed below:

• Ability (ab): intellectual resources (V6)

• SEX (sex): gender (V7)

• GPQ (gpq): graduate program quality (V1)

• QFJ (qfj): quality of first academic job (V2)

• PreProd (pre): quality-weighted publications before Ph.D. (V3)

• Pubs (pubs): number of publications in the first 6 years post Ph.D. (V4)

• Cites (cites): number of citations (V5)

A diagram of the Rodgers and Maranto model is displayed in Figure 2.
A moment’s reflection reveals that the variables in this model are time-ordered. For

example, an individual’s gender is determined prior to attending graduate school. A first
academic job occurs after graduation from a university. Articles are cited only after they are
written. Using this same data set for illustrative purposes, Spirtes, Glymour, and Scheines
(2000) presumed that the 7 variables fell within 6 time waves.
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Figure 2: A Model of Publication Productivity

• Time 1: SEX

• Time 2: Ability

• Time 3: GPQ & PreProd

• Time 4: QFJ

• Time 5: Pubs

• Time 6: Cites

In our analyses, we will also presume that the above ordering is correct and thus we will
define timeOrder in our VERIPATH command file.

A sample VERIPATH command file for this path model might look like the following.6

6Notice that in Component [9] we have reordered the variables in sigma so that the endogenous variables
appear before the exogenous variables.
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(*======================================================================*)

(* Niels Waller, Nov 16, 2001 *)

(* *)

(*This is the VERIPATH command file that was used to generate the *)

(*alternative models for the Rodgers and Maranto model of publishing *)

(*productivity. Note that the original authors analyzed a matrix of *)

(*correlations that had been disattenuated for unreliability (Table 3 in*)

(*original article.) Moreover, they did not report the standard *)

(*deviations of the variables. Thus, we are forced to assume that *)

(*all variables have equal variances. *)

(* =====================================================================*)

(* [1] OUTPUT OPTIONS *)

(* file1 is the VERIPATH output file. *)

(* file2 contains the stacked LISREL command jobs. *)

file1=OpenWrite["d:\Projects\Front Burner\MeehlWaller\Examples\Rodgers\Rodgers.VPout"];

file2=OpenWrite["d:\Projects\Front Burner\MeehlWaller\Examples\Rodgers\Rodgers.lpj"];

SetOptions[file1,PageWidth->75];

(* [2] JOB TITLE *)

jobTitle="Causal Models of Publishing Productivity: Rodgers &

Maranto \n(1989; Journal of Applied Psychology, 74, 636-649)";

(* [3] ORDER CONSTRAINTS *)

(*timeOrder={ }; *)

timeOrder={ {1,{7}}, {2,{6}}, {3,{1,3}},{4,{2}},{5,{4}},{6,{5}} };

(* [4] OUTPUT VERBOSITY *)

(* LONG = verbose output for alternative models will be printed *)

(* and a stacked LISREL command file for the alternative *)

(* models will be created. *)

(* SHORT = only summary information for alternative models will *)
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(* be printed. *)

printOutput="LONG";

(* [5] PARAMETER MATRICES*)

gamma={ {ca, 0},

{0, 0},

{cc, 0},

{cd, ce},

{cb, 0}};

beta={ { 0, 0, 0, 0, 0},

{cf, 0, 0, 0, 0},

{ 0, 0, 0, 0, 0},

{ 0, cg, ci, 0, 0},

{ 0, ch, cj, ck, 0}};

(* [6] INPUT CORRELATION MATRIX *)

sigma={ {1.00, .62, .25, .16, -.10, .29, .18},

{ .62, 1.00, .09, .28, .00, .25, .15},

{ .25, .09, 1.00, .07, .03, .34, .19},

{ .16, .28, .07, 1.00, .10, .37, .41},

{-.10, .00, .03, .10, 1.00, .13, .43},

{ .29, .25, .34, .37, .13, 1.00, .55},

{ .18, .15, .19, .41, .43, .55, 1.0}};

(* [7] INPUT STANDARD DEVIATIONS *)

stdVec={{1.0, 1.0, 1.0, 1.0, 1.0, 1.0, 1.0}};

(*[8] NUMBER OF SUBJECTS*)

nSubj=162;

(* [9] VARIABLE ORDER *)

(* Call "reOrderSigma" if variables need to be reordered so that *)

(* endogenous variables come before exogenous variables *)

neworder={6,1,3,2,7,5,4};

sigmab = reOrderSigma[sigma,neworder];

sigma=.;

sigma=sigmab;

29



Clear[sigmab];

The output for this model is summarized in the following pages. While reading this
output, we ask the reader to consider the following points. First, notice that the overall fit
measure suggests that the Rodgers and Maranto model has high verisimilitude. Specifically,
the investigators’ model — which Meehl and Waller called D* — had a smaller root mean
square residual than 93% of the 87 alternative models that were generated by the delete 1 -
add 1 rule.7 Moreover, the RMSr for D* is only .055. We consider this value small in light of
the fact that it is calculated using only those correlations that were not used to estimate the
model parameters.

Finally, while perusing the results in the following pages pay particular attention to the
two sets of parameter estimates. Specifically, compare the admittedly inefficient estimates
that are generated by the just-identified series of polynomials with the least squares estimates
that are reported in Rodgers and Maranto (1989). For ease of comparison, we have assembled
the two sets in a common table.

The values in Table (3) indicate that it is certainly possible for VERIPATH estimates
to closely approximate more efficient estimates (in this case, least squares estimates). This
observation is somewhat remarkable considering that VERIPATH used only 12 of the 21
nonredundant correlations that were available in sigma. Moreover, the finding that D* pro-
duced a smaller RMSr than 93% of the models generated by the delete 1 – add 1 rule suggests
that the investigators’ model holds up well against structurally similar alternatives.

VERIPATH 1.2

7It is noteworthy that if time constraints are ignored, the delete 1 – add 1 rule generates 128 models for
these data.
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Table 3:

Comparison of VERIPATH and Least Squares Estimates

Coefficient VERIPATH Least Squares

Ability →GPQ .62 .62
Ability →Cites .13 .13
Ability →PrePod .25 .25
Ability →Pubs .12 .14
Sex →Pubs .45 .41
GPQ →QFJ .28 .28
QFJ →Pubs .39 .34
QFJ →Cites .17 .16
PrePod →Pubs .15 .12
PrePod →Cites .22 .22
Pubs →Cites .42 .42

Niels G. Waller

As described in:

Meehl, P. E. & Waller, N. G. (2001). The Path Analysis Controversy:
A New Statistical Approach to Strong Appraisal of Verisimilitude

Summary of Results for D-star (Investigator’s Model)

Job title: Causal Models of Publishing Productivity: Rodgers & Maranto
(1989; Journal of Applied Psychology, 74, 636-649)
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The matrix contains 21 nonredundant correlations.
1 correlation(s) are among exogenous variables.
11 paths were estimated using 12 correlations in 11 equations.
9 correlations are available to assess the model’s verisimilitude.

[1] Root Mean Squared Residuals:

RMSr = 0.055

[2] Parameter matrices

Beta
0 0 0 0 0

cf 0 0 0 0

0 0 0 0 0

0 cg ci 0 0

0 ch cj ck 0

Gamma
ca 0

0 0

cc 0

cd ce

cb 0

[3] Predicted Correlation Matrix:
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1.000 0.280 0.155 0.179 0.237 0.620 -0.062

0.280 1.000 0.043 0.410 0.370 0.174 -0.017

0.155 0.043 1.000 0.190 0.340 0.250 -0.025

0.179 0.410 0.190 1.000 0.550 0.180 0.430

0.237 0.370 0.340 0.550 1.000 0.290 0.157

0.620 0.174 0.250 0.180 0.290 1.000 -0.100

-0.062 -0.017 -0.025 0.430 0.157 -0.100 1.000

[4] Observed Correlation Matrix:

1.000 0.280 0.090 0.150 0.250 0.620 0.000

0.280 1.000 0.070 0.410 0.370 0.160 0.100

0.090 0.070 1.000 0.190 0.340 0.250 0.030

0.150 0.410 0.190 1.000 0.550 0.180 0.430

0.250 0.370 0.340 0.550 1.000 0.290 0.130

0.620 0.160 0.250 0.180 0.290 1.000 -0.100

0.000 0.100 0.030 0.430 0.130 -0.100 1.000

[5] Observed r’s used in solve:

{{2, 1}, {4, 2}, {4, 3}, {5, 2}, {5, 3}, {5, 4}, {1, 6}, {3, 6}, {4, 6},
{4, 7}, {5, 6}}
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[6] Model implied polynomials

2
(1 - 0.62 ca + 1. ca ) cf == 0.28

(1 - 0.28 cf) cg + cf (ca (1. cd - 0.1 ce) +
2

(1 - 0.62 ca + 1. ca ) cf cg + 1. ca cc ci) == 0.41

2
cc (1. cd - 0.1 ce) + 1. ca cc cf cg + (1 - 0.25 cc + 1. cc ) ci == 0.19

(1 - 0.28 cf) (ch + cg ck) + cf
(1. ca cb + ca (1. cd - 0.1 ce) ck +

2
(1 - 0.62 ca + 1. ca ) (cf ch + cf cg ck) + 1. ca cc (cj + ci ck)) \

== 0.37

1. cb cc + cc (1. cd - 0.1 ce) ck + 1. ca cc (cf ch + cf cg ck) +
2

(1 - 0.25 cc + 1. cc ) (cj + ci ck) == 0.34

1. cb cd - 0.1 cb ce + (1 - 0.18 cd + cd (1. cd - 0.1 ce) - 0.43 ce +
ce (-0.1 cd + 1. ce) - 0.41 cg - 0.19 ci) ck +

(1 - 0.28 cf) cg (ch + cg ck) +
(1. ca cd - 0.1 ca ce) (cf ch + cf cg ck) +
(1. cc cd - 0.1 cc ce) (cj + ci ck) +
cf cg (1. ca cb + ca (1. cd - 0.1 ce) ck +

2
(1 - 0.62 ca + 1. ca ) (cf ch + cf cg ck) + 1. ca cc (cj + ci ck)) \

+ ci (1. cb cc + cc (1. cd - 0.1 ce) ck + 1. ca cc (cf ch + cf cg ck) +
2

(1 - 0.25 cc + 1. cc ) (cj + ci ck)) == 0.55

1. ca == 0.62

1. cc == 0.25

1. cd - 0.1 ce + 1. ca cf cg + 1. cc ci == 0.18

-0.1 cd + 1. ce - 0.1 ca cf cg - 0.1 cc ci == 0.43

1. cb + (1. cd - 0.1 ce) ck + 1. ca (cf ch + cf cg ck) +
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1. cc (cj + ci ck) == 0.29

[7] Estimated Coefficients (i.e.,solution to polynomial equations):

{ca -> 0.62, cb -> 0.131, cc -> 0.25, cd -> 0.119, ce -> 0.453,
cf -> 0.28, cg -> 0.391, ch -> 0.167, ci -> 0.155, cj -> 0.221,
ck -> 0.416}

[9] Bounds on correlations used to assess the model’s verisimilitude

r[3,1] = 0.090
{r -> -0.538, r -> 0.864}
r[3,2] = 0.070
{r -> -0.688, r -> 0.911}
r[4,1] = 0.150
{r -> -0.347, r -> 0.748}
r[5,1] = 0.250
{r -> -0.376, r -> 0.789}
r[6,2] = 0.160
{r -> -0.429, r -> 0.866}
r[7,1] = 0.000
{r -> -0.725, r -> 0.606}
r[7,2] = 0.100
{r -> -0.605, r -> 0.923}
r[7,3] = 0.030
{r -> -0.787, r -> 0.822}
r[7,5] = 0.130
{r -> -0.485, r -> 0.871}

[10] Forbidden Paths

{{1, {7}}, {2, {6}}, {3, {1, 3}}, {4, {2}}, {5, {4}}, {6, {5}}}

5 -> 4
5 -> 2
5 -> 1
5 -> 3
5 -> 6
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5 -> 7
4 -> 2
4 -> 1
4 -> 3
4 -> 6
4 -> 7
2 -> 1
2 -> 3
2 -> 6
2 -> 7
1 -> 6
3 -> 6
1 -> 7
3 -> 7
6 -> 7

=========================================================
SUMMARY OF RESULTS

=========================================================

Number of Identified Alternative Models = 87

RMSr of Theoretical Model = 0.055

Overall fit (RMSr(D*) < x% RMSr(~D*) = 0.931

Descriptive Statistics for RMSr

Measures of location
Mean RMSr of Corrupted Models = 0.093
20% Trimmed Mean of RMSr of Corrupted Models = 0.087
MIN = 0.03
5thPercentile = 0.038
10thPercentile = 0.061
20thPercentile = 0.066
25thPercentile = 0.069
Median = 0.075
75thPercentile = 0.131
MAX = 0.226
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Measures of Dispersion
Standard Dev. = 0.038
Median Dev. = 0.012

8 LISREL Command Files

In Monte Carlo work it may be of interest to compare VERIPATH parameter estimates with
those produced by other estimation methods, such as maximum likelihood or generalzed least
squares. Some users may also wish to consider other so-called “goodness-of-fit” indices for
alternative models. To help acquire this information efficiently, VERIPATH automatically
generates a stacked LISREL command file (a LISREL project file) for all alternative models.
The individual command jobs have been written so that the all fit indices calculated by
LISREL are saved to a common file called “Fit.txt”. For the Rodgers and Maranto model the
first 16 lines of this file is as follows.

1 0 0 9 0.20146D+02 0.17032D-01 0.19827D+02 0.19009D-01 0.00000D+00

0.10000D+01 0.00000D+00 0.10000D+01 0.10827D+02 0.16144D+01 0.27738D+02

0.12513D+00 0.68096D-01 0.10153D-01 0.17445D+00 0.86984D-01 0.33588D-01

0.13922D+00 0.10885D+00 0.36369D+00 0.30575D+00 0.47005D+00 0.35220D+00

0.17613D+01 0.26605D+03 0.28005D+03 0.57827D+02 0.56000D+02 0.30867D+03

0.13549D+03 0.17045D+03 0.72083D-01 0.72455D-01 0.96601D+00 0.89425D+00

0.31050D+00 0.92428D+00 0.89387D+00 0.39612D+00 0.95452D+00 0.95664D+00

0.82331D+00 0.17415D+03

1 0 0 9 0.16762D+02 0.52581D-01 0.16416D+02 0.58680D-01 0.00000D+00

0.10000D+01 0.00000D+00 0.10000D+01 0.74163D+01 0.00000D+00 0.22860D+02

0.10411D+00 0.46644D-01 0.00000D+00 0.14377D+00 0.71990D-01 0.00000D+00

0.12639D+00 0.22411D+00 0.34224D+00 0.29560D+00 0.43937D+00 0.35220D+00

0.17613D+01 0.26605D+03 0.28005D+03 0.54416D+02 0.56000D+02 0.30867D+03

0.13208D+03 0.17045D+03 0.51597D-01 0.51823D-01 0.97169D+00 0.91193D+00

0.31233D+00 0.93700D+00 0.92609D+00 0.40157D+00 0.96833D+00 0.96980D+00

0.85300D+00 0.20911D+03

The LISREL (8.5) manual can be consulted for a description of the file format. In our
own research, we use the R programming language to summarize the fit indices produced by
LISREL. The contents of Fit.txt can be read into R or S-PLUS with the following commands.

fit.out<-scan("d:/workingfolder/examples/rodgers/fit.txt")

fit.dat<-matrix(fit.out,length(fit.out)/47,47,byrow=T)
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fit.dat<-data.frame(fit.dat) colnames(fit.dat)<-c("x1", "x2", "x3", "df", "chi",

"chi.p", "chi.wls", "chi.wls.p", "x4", "x5", "x6", "x7", "NCP", "NCP.lo",

"NCP.hi","Fmin", "Fo", "Fo.lo", "Fo.hi", "RMSEA", "RMSEA.lo", "RMSEA.hi","RMSEA.p",

"ECVI", "ECVI.lo", "ECVI.hi", "ECVI.SAT", "ECVI.I", "chi.i", "aic.i", "aic",

"aic.s", "caic.i", "caic", "caic.s", "rmr", "srmr", "gfi", "agfi", "pgfi", "nfi",

"nnfi", "pnfi", "cfi", "ifi", "rfi", "cn")

9 Technical Details

In closing, we provide some technical details on the D1A1 rule and we discuss three of its
important properties. Namely, (1) exogenous variables cannot be transformed into endoge-
nous variables, (2) endogenous variables can be transformed into exogenous variables and,
(3) corrupted models may have fewer variables than the original model. Each property is
illustrated graphically in the following pages.

The first property is illustrated in Figure 3A. This diagram displays a simple four-variable
model with two exogenous (variables 1 and 3) and two endogenous variables. Let us consider
how the D1A1 rule might be applied to this model. At some point, the rule will delete V1
→V2 and insert a new path where none existed before. However, VERIPATH will not insert
V2 →V3 because, by so doing, the status of V3 would change from an exogenous variable to
an endogenous variable. This forbidden model is illustrated in Figure 3B (note that V3 →V2
could be inserted without affecting the status of V3).

Figure 4 illustrates the second and third properties of the D1A1 rule. Assume that Figure
4A represents D*, the investigators preferred model, and that Figure 4B is one of a number
of alternative models. Two features of Figure 4B warrant emphasis. First, notice that V1 no
longer influences any variables. Thus, V1 can be safely deleted from the model. Second, notice
that by deleting V1 →V2 from Figure 4A, the status of V2 has changed from an endogenous
variable to an exogenous variable. This last point is particularly noteworthy from a techni-
cal standpoint because VERIPATH assumes that exogenous variables come after endogenous
variables in sigma (the input correlation matrix). To accommodate this assumption, VERI-
PATH automatically rearranges the matrix to proper form and deletes any row and column
that is associated with unused variables.
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Figure 3: An illustration of Forbidden Rule 1
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Figure 4: An illustration of Rules 2 and 3
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