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ABSTRACT
Structural equation modeling, as the name implies, aims to confirm pre-determined structural relationships between
various factors and variables. Conventionally, path searching, variable selection, and model building should be done
at the exploratory stage only. Nevertheless, equipped with the new JMP interface to SAS , today the analyst is able to
compare different models with different combinations of paths and variables based on several fitness criteria, such as
Akaike Information Criterion and Bayesian Information Criterion. In this sense the distinction between confirmation
and exploration is blurred. The objective of this paper is to demonstrate how confirmatory procedures could be
“explored” in SAS via the JMP interface. Unlike TETRAD that is capable of automated path searching, model
comparison in SAS/JMP is still driven by the analyst. In this paper an example based on a World Bank data set is
used to illustrate why it is essential to perform manual exploration on some occasions. The analysis utilizing the
World Bank data set indicates that the number of college and university graduates majoring in science in a particular
year is a significant predictor of the number of scientific and technical journal articles published two years later, and
this variable can predict future productivity, as measured by GDP per worker.

INTRODUCTION
Structural equation modeling (SEM) is one of the most powerful multivariate analysis techniques. But researchers
who employ SEM have to know exactly what they want to do by using background information, prior knowledge, and
past research. In other words, exploring and revising models “on the fly” without any theoretical foundation is usually
discouraged. Some researchers (e.g., Glymour, 2003, 2004; Glymour, Madigan, Pregibon, & Smyth, 1996; Scheines,
Spirtes, Glymour, Meek, & Richardson, 1998) have attempted to introduce exploratory elements into SEM by
developing path searching software applications, such as TETRAD. Specifically, the objective of path searching is to
address a severe threat against the validity of SEM, namely, model equivalency. Model equivalency is a well-known
problem in SEM: even if the data and the model could fit each other very well, it doesn’t necessarily imply that there
are causal relationships among the factors and the variables. It is conceivable that some other equivalent models
could fit the data equally well. To counteract this shortcoming, path searching examines many equivalent and even
non-equivalent models by exhausting almost all possible combination of factors and variables. For example, a
researcher might initially propose a path model like this: ABC. In path searching other possible models could be:
ACB, BCA, and CBA. Path searchers would not commit themselves to a particular model until many
other possibilities are considered and the best fit emerges.
Path searching works well in many situations, but in some cases this approach is not viable at all, as will be explained
in a later section. When path searching is not an option, using the JMP interface to run SEM in SAS is highly
recommended. In the following a World Bank dataset will be used to illustrate the procedure.

DATA SOURCE
The data source for this project is the archival data set entitled World Development Indictors (WDI) and Global
Development Finance (GDF), which is downloadable from the World Bank (2012). This comprehensive data set
contains indicators for each country of national well-being, including data concerning a country’s education,
environment, economic policies, financial sector, health, infrastructure, labor force, social protection, poverty, and
international trade. The variables chosen for this project are as follows:
1. Sci 2003 : the percentage of people who graduated from college or university in 2003 with a major in science.
2. EMC 2003: the percentage of people who graduated from college or university in 2003 with a major related to
engineering, manufacturing, or construction (EMC).
3. Paper 2005: the number of scientific and technical papers published in peer-review journals in 2005.
4. Patent 2005: the number of patents applied for by residents in 2005.
5. Productivity 2007: Gross domestic product per person employed in 2007.
Only forty nations have complete data that include all of the above variables. The author is aware that this sample
size may be insufficient for SEM. However, this limitation is insurmountable because even a large international
organization like the World Bank was unable to collect data in certain countries.
Some readers may wonder why the author did not use the data in the same year. It is important to point out that
sometimes a concurrent cross-sectional design may be problematic. It is unrealistic to expect that graduates in 2003
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responds to B, but at the same time B also depends on A. Nonetheless, the isolated pieces of information yielded
from regression tell the researcher that while the percentage of 2003 science graduates is associated with 2007
productivity, there are other variables between them. Specifically, the natural log values of 2005 scientific articles and
patents are related to the percentages of 2003 science and EMC graduates. And the natural log of 2005 scientific
articles could substantially affect productivity in 2007. These scattered pieces could be put together to generate a
structural equation model. Due to the tentativeness and exploratory nature of the regression analyses, assumptions
for regression, such as independence, normality, and homoscedasticity of residuals, have not been discussed here.

Variable

DF

Parameter
Estimate

Standard
Error

t
Value

p
Value

Intercept

1 8487.17369 8350.05059

1.02 0.3160

2003 percentage of graduates in science

1 2033.42823

621.69946

3.27 0.0023

2003 percentage of graduates in engineering, manufacturing, and
construction

1

382.47475

1.78 0.0828

681.85963

Table 1. Using 2003 percentage of graduates in science and EMC to predict 2007 productivity.

Variable

DF Parameter Standard
Estimate
Error

t
Value

p
Value

Intercept

1

4.93304

1.05877

4.66 <.0001

2003 percentage of graduates in science

1

0.18183

0.07883

2.31 0.0268

2003 percentage of graduates in engineering, manufacturing, and
construction

1

0.11169

0.04850

2.30 0.0270

Table 2. Using 2003 percentage of graduates in science and EMC to predict natural log of 2005 scientific and
technical journal papers.

Variable

DF Parameter Standard
Estimate
Error

t
Value

p
Value

Intercept

1

2.47084

1.35427

1.82 0.0762

2003 percentage of graduates in science

1

0.22748

0.10083

2.26 0.0301

2003 percentage of graduates in engineering, manufacturing, and
construction

1

0.18642

0.06203

3.01 0.0047

Table 3. Using 2003 percentage of graduates in science and EMC to predict natural log of 2005 patents by
residents.

Variable

DF

Parameter
Estimate

Standard
Error

t
Value

p
Value

Intercept

1 -7092.08477 9751.05635

-0.73 0.4716

Natural log of 2005 scientific and technical papers published in peer
review journals

1

5600.03931 2413.77859

2.32 0.0260

Natural log of 2005 patents applied by residents

1

-433.62321 1829.00917

-0.24 0.8139

Table 4. Using 2005 natural log of 2005 scientific papers and patents to predict 2007 productivity.

JMP INT
TERACE TO
O SAS
In order to run SEM, one must have acc
cess to both JM
MP 9 or above, and SAS 9.2 o
or above. SAS does not have
e to be
hine. Rather, it could be locatted in a remote
e server. But it is important to point out that w
when
installed in the local mach
ginally installed
d, the module “S
SAS Structural Equation Mod
deling for JMP” must be checkked (see Figure
e 4).
SAS is orig

Figure 4. SA
AS Structural Equ
uation Modelingg for JMP.
Although th
he JMP user ca
an connect JMP to a remote server
s
(se Figu
ure 5a), the eassiest way is to use SAS on the
local mach
hine. To establis
sh the connecttion between JM
MP and SAS, o
open “SAS Serrver Connection” from File, ch
hoose
the SAS ve
ersion on the lo
ocal computer, check the radio button “Conn
nect to SAS on
n this machine,”” and then clickk on
the button “Connect” (see
e Figure 5b).

Figure 5(a
a). Access to SAS
S
server.

Fig
gure 5(b). Esta
ablish connec
ction between JMP
an
nd SAS.

After the co
onnection betw
ween JMP and SAS is establis
shed, the user can run SEM vvia AnalyzeS
Structural Equa
ation
Modeling
Single Group Analysis. In the
e tab “Analysis
s” the user can click on “Palettte” to activate the drawing mode.
In this mod
de the analyst can
c simply drag
g and drop the variables into a canvas to co
onstruct a mode
el based on the
e
preliminary
y regression an
nalysis (see Fig
gure 6). In this example
e
all va riables are obsserved and no latent construccts are
used. Afterr the proposed model is built, the researcher can click on tthe “Run” butto
on to execute th
he computation
n.

Figure 6. Constructing
C
a SEM by draw
wing.
The researrcher can see the
t result in jus
st a few second
ds. By default th
he regression ccoefficient estimates shown o
on the
graph are unstandardized
u
d. To obtain a better
b
interpreta
ation, the “View
w” can be chan
nged to standardized estimate
es.
The param
meters with the sign “*” or “**” are considered
d significant. O
One asterisk ind
dicates that p < 0.05 whereass two
asterisks in
ndicate that p < 0.01 (see Figure 7).

Figure 7. View
V
of standa
ardized estima
ates.
To unveil more
m
details, th
he user can ope
en the tab “Res
sults.” It is impo
ortant to checkk whether there
e is any error
message. If there is no errror, then the convergence
c
is successful. In this model, the
e chi-square sttatistics suggesst that

the model does not seem
m to be promisin
ng (X2=59.0015
5, p<.0001). Th
he Chi-square ttest is a measu
ure of the good
dness
een the observe
ed and the exp
pected. The null hypothesis is that there is no significant discrepancy betw
ween
of fit betwe
the covaria
ance matrix gen
nerated by the model and tha
at observed in tthe data. A p va
alue that is small enough to rreject
the null sig
gnifies that the data-model
d
fit is
i questionable
e. It is a well-kn
nown fact that tthe significance
e of the Chi-square
is subject to
t the sample size
s
(Besag, 19
980). If the sam
mple size is veryy large, it is mo
ore likely that th
he model will b
be
unfairly reje
ected, Howeve
er, in this small data set (n=40
0) this is not a cconcern at all. In addition to the Chi-square,, there
are many other
o
fitness ind
dices, such as AGFI, RMSEA
A, Bentler Com parative Fit Ind
dex…etc. (see Figure 8).

Figure 8. Poor
P
fitness in
ndices in the initial model.
To rectify the poor fit, an alternate mode
el should be pro
oposed and tho
oroughly exam
mined. JMP provides the user with a
“Copy” buttton and thus model
m
revision in JMP is relativ
vely easy. The existing mode
el is retained for model compa
arison
in a later sttage. Rather th
han starting ove
er from scratch
h, the user can drops some va
ariables and re
edraw the pathss in
the cloned model (see Fig
gure 9).

Figure 9. Copy
C
and pastte to revise the existing mo
odel.

The new model
m
is put into
o a new analys
sis (see Figure 10). Because tthe ultimate go
oal is to identifyy the variables that
could make
e contributions to productivity
y, the natural lo
og of 2005 pate
ents is redunda
ant and thus it iss taken out of tthe
equation.

Figure 10. A new modell without natural log of 2005
5 patents.
Figure 11 depicts
d
the new
w model with sttandardized es
stimates. Figure
e 12 shows tha
at the fitness ha
as been
substantive
ely improved. Some
S
research
hers might wantt to stop at thiss point and acccept this one ass the final. In th
he past
this decisio
on was understtandable becau
use running SE
EM is very invo lved and time-cconsuming. Ho
owever, being
equipped with
w the JMP in
nterface, today the user can afford
a
further exxploration with minimal effortss.

Figure 11. A new modell without natural log of 2005
5 patents.

Figure 12. A new modell without natural log of 2005
5 patents.
Again, usin
ng the copy buttton the user ca
an create Analy
ysis 3 in a new
w canvas. If EM
MC graduates h
have no significcant
effects on productivity,
p
co
ould this variable be dropped, too? This time
e only three variables remaine
ed in the mode
el, as
shown in Figure
F
13. The standardized
s
estimates
e
and the fitness indicces are shown in Figure 14 and Figure 15,
respectively.

Figure 13. A highly pars
simonious mo
odel with three
e variables.

Figure 14. Standardized
d estimates of the parsimon
nious model.

Figure 15. Fitness indic
ces of the pars
simonious mo
odel.
The inform
mation portrayed
d in Figure 15 may
m be counte
er-intuitive. In th
his panel, both the Chi-square
e and the degre
ee of
freedom sh
how a “zero” while the p value
e is missing. In the context of a bivariate ana
alysis, zero deg
gree of freedom
m is
problematic. It means tha
at there is no us
seful independent information
n to do any meaningful estima
ation of the
p (Yu, 2011). Is
s this the case here? As mentioned before, the Chi-square
e test is a meassure of the
relationship
goodness of
o fit between the
t expected and the observe
ed. If there is no
o discrepancy between the expected model and
the observed data, the Ch
hi-square is zero, of course. In this case, the
e model is said
d to be saturate
ed, meaning that the
model can perfectly repro
oduce all of the
e variances, cov
variance, and m
means. Some researchers arrgue that such a
“perfect” model
m
has no ex
xplanatory valu
ue at all. Nonetheless, a saturrated model is still useful for ffunctioning as a
baseline model
m
with which other non-sa
aturated models
s are compared
d.

Figure 16. Model compa
arison.
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mathematical or empirical justification” (p.54). The author has no intention to settle this issue once and for all. His
suggestions are more philosophical than mathematical. It is recommended that the researcher must focus on the
ultimate goal and trim redundant information as much as possible. The Akaike's information criterion (AIC) developed
by Akaike (1973) is in alignment to Ockham’s razor: Given all things being equal, the simplest model tends to be the
best one; and simplicity is a function of the number of adjustable parameters. Thus, a smaller AIC suggests a "better"
model. Specifically, AIC is a fitness index for trading off the complexity of a model against how well the model fits the
data. The general form of AIC is: AIC = 2k – 2lnL where k is the number of parameters and L is the likelihood function
of the estimated parameters. Increasing the number of free parameters to be estimated improves the model fitness,
however, the model might be unnecessarily complex. To reach a balance between fitness and parsimony, AIC not
only rewards goodness of fit, but also includes a penalty, which is an increasing function of the number of estimated
parameters. This penalty discourages over-fitting and complexity. Hence, the best model is the one with the lowest
AIC value. Since AIC attempts to find the model that best explains the data with a minimum of free parameters, it is
considered an approach favoring simplicity. In this example, the AIC value of the initial model is 83, which is relatively
high. The last model, which has a much smaller AIC (12), is simpler but we might not like a saturated model that
would have no explanatory value. Thus, we might want to settle down with the middle one.
It is concluded that a high percentage of graduates majoring in science and EMC could lead to better scientific
research, indicated by a higher volume of research papers. And better research might eventually benefit productivity.
Indeed, even the variable “2003 science graduates” alone is a strong predictor of 2007 productivity. This finding
contradicts the popular belief that engineering and applied science is more valuable than pure science in terms of
helping the economy. However, the author acknowledges that research based on nation-level, aggregate data is
subject to ecological fallacy (Freedman, 1999). It is a bold assumption that some graduates in 2003 contributed to the
scientific reports in 2005, such as playing the role of research assistants. Thus, readers should interpret these results
with caution.

CONCLUDING REMARKS
PROC TCALIS available in SAS 9.2 or above is said to be a superior procedure (Gu & Wu, 2011; Yung, 2008). For
instance, PROC TCALIS is capable of running multi-group SEM while the JMP interface to SAS is confined to single
group analysis. However, the SAS syntax may be intimidating to novices and even experienced users. For a long
time SEM applications with a graphical user interface, such as EQS and AMOS, have been widely welcome by
modelers. Nonetheless, this author found that the JMP interface is better than many other GUI-based SEM packages.
For example, JMP uses a contextual menu and dialog system, and thus the user is not overwhelmed by many
options in the first screen. When automated path search is inappropriate, manual path searching and model building
in JMP is highly recommended.
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