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Background: Structural equation modeling (SEM) is a family of statistical techniques
used for the analysis of multivariate data to measure latent variables and their
interrelationships. SEM has potential 1o advance theory and research in medical
education.

Purpose: The purpose of this article is to introduce SEM to medical education
researchers and provide procedural information for applying SEM.

Methods: We outline the basic tenets of SEM, principles of model creation, identifi-
cation, estimation, and model fit to data, and the use of SEM in medical education
research.

Results: Although it is a powerful statistical research tool, SEM has had only limited
use in medical education research. We explicate a five-step procedure for applyving
SEM to research problems and summarize an example of SEM to test a hypothetical
model.

Conclusions: Notwithstanding some pitfalls, SEM does provide promise for testing
complex, integrated theoretical models and advance research in medical education.
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Structural equation modeling (SEM) is a family of
statistical techniques used for the systematic analy-
sis of multivariate data to measure underlying hypo-
thetical constructs (latent variables) and their interre-
lationships. It is a framework that allows researchers to
translate theory into a testable model.! SEM builds on
statistical techniques such as correlation, regression,
and analysis of variance (ANOVA) and combines the
strength of the confirmatory and data reducing abil-
ity of factor analysis, with the causal multiregression
techniques of path analysis to explicate the direct and
indirect relationships between measured and hypothet-
ical (latent) variables.

Over the past 30 years the use of SEM has increased
in several disciplines such as economics, education,
psychology, and sociology. In psychology, for exam-
ple, the citation frequency of SEM has reached the pop-
ularity of ANOVA (based on the citation frequency of
SEM and M{ANOVA] of PsycINFO database 1970~
2002).%"5 This increase is attributable to the realiza-
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tion that univariate and most multivariate techniques
in social sciences and education research do not al-
low researchers to account for simultaneous causation
and measurement error and that explanatory variables
are frequently omitted in their data analysis. Further-
more, most non-SEM studies include only significant
relationships between variables rather than formulating
and estimating explanatory models.%’

In this article we outline the basic tenets of SEM,
the development of SEM as an integrated statistical
theory, the central features of model creation, identi-
fication, estimation, model fit to data, and respecifi-
cation. We then provide an overview of the published
medical education research work that has used SEM,
followed by a discussion of the strengths and weak-
nesses of SEM, and we provide an example of the
use of SEM in medical education research. Finally,
we outline areas where there are possible opportuni-
ties for the application of SEM in medical education
research.

Correspondence may be sent to Claudio Violato, Health Sciences Centre, Medical Education and Research Unit, Department of Community
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Basics of SEM

SEM is a confirmatory approach that provides a
mechanism to study hypothesized underlying struc-
tural relationships between latent variables or con-
structs. The development of SEM is based on inte-
gration of three key components: path analysis, factor
analysis, and the development of estimation techniques
for model fit.!

In 1921 Sewall Wright graphically expressed the
interrelationships between variables and defined the
“paths” as series of equations describing the inher-
itance patterns of guinea pigs. These conventions
have been adopted in modern SEM applications. Path
models represent the hypothesized causal connec-
tions among a set of variables and path analysis
estimates the magnitude and statistical significance
of each connection.~!" Path analysis moves beyond
predicting whether independent variables predict a
phenomenon—a central feature of regression analysis
as well—to examining the interrelationships between
the variables.

In 1904, Spearman first described factor analysis
in an attempt to identify underlying constructs, which
gave rise to observed variables through measurable
characteristics.® His original work has lead to mod-
ern exploratory factor analysis (EFA), a data reduc-
tion technique that identifies the relationships between
measured variables and groups them into factors. Con-
firmatory factor analysis (CFA) is an extension of EFA
and allows a researcher to model a priori how mea-
sured variables identify latent constructs. CFA provides
a means by which researchers can model “error free”
latent variables; this method identifies any variability
(systematic and error variance) in a measured variable
that is not associated with the latent construct.'!

Integration of these statistical methods, which are
referred to as measurement (factor analysis) and struc-

tural (path analysis) models, gave rise to the develop-
ment of SEM first described by Joreskog, Keesing, and
Wiley in the 1970s and is now known as the LISREL
(linear structural relations) model.® The structural re-
lations are those between the latent variables and are
the core of SEM.

Figure 1 is a schematic summary of the measure-
ment and structural parts of SEM. The measurement
model represents how the latent variables are measured
by indicator variables and describes the measurement
properties of the indicator variables.” The structural
model defines the relationships between latent vari-
ables (and possibly observed variables that are not
indicators of latent variables) and allows for the de-
termination of the extent of association between these
variables.

Advantages of SEM Over Other Statistical
Methods

SEM is a confirmatory approach that allows for the
analyses of hypothesized interrelationships between la-
tent constructs. It builds on the statistical tools that are
based on regression, ANOVA, and correlation.!! Al-
though regression and ANOVAs define the degree of
significant relationships between variables, it is diffi-
cult for researchers to model underlying constructs that
independent variables might load upon.®

As we have seen, SEM is built on the multivari-
ate techniques of factor and path analysis. Although
these methods are quite strong independently, SEM
subsumes and allows for a higher level of abstrac-
tion, through the development of structural models of
hypothesized constructs. In path analysis, we analyze
structural models between observed variables and de-
pict direct and indirect effects based on hypotheses
of causal effects.'” Each variable is a single indicator,
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Figure 1. A structural equation model depicting three latent variables (A, B, and C) and the relationship between measurement models and
a structural model. Note. The path analytic model contains three variables. Variable A has both a direct and indirect on C. Modified from

Nachtigall et al.”
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however, and though it is generally understood that
these variables contain measurement error, the analy-
sis proceeds as if the variables are error free.!2!> The
strength of SEM over path analysis is that SEM al-
lows for a structural model to be created between [atent
variables, or acombination of measured and latent vari-
ables. The path coefficients in a SEM between latent
factors are corrected for measurement error (observed
variables have measurement errors), because the hypo-
thetical constructs are measured by multiple indicators
where measurement error is “averaged out.”

Factor analysis has resulted in the major applica-
tions of exploratory and confirmatory models. EFA
does not require a priori hypotheses regarding the
number of underlying factors or the relationships be-
tween measured variables and factors. Because of its
atheoretical nature, it is not typically used as a SEM
procedure.'* CFA, on the other hand, requires a priori
hypotheses and a proposed model (like SEM) about the
number of factors and the nature of the relationships
between measured and hypothetical constructs. Unlike
SEM, we cannot model causality or the temporal re-
lationships between variables in CFA. SEM subsumes
CFA in that CFA is the measurement model of a SEM,
outlining the relationships between indicators and un-
derlying hypothetical constructs.

An Integrated Research Method and
Statistical Theory

SEM is a flexible and powerful statistical tool for
the development, refinement, and validation of theories
and hypothesized relationships between variables.!!?
SEM requires fundamental understanding of statistical
methods and concepts. It is considered to be primarily
confirmatory; models are specified a priori based on
theory and previous exploratory work. Nonetheless, it
can also be exploratory in the sense that it provides a
mechanism whereby competing models can be tested
or models can be respecified (i.e., redrawn to improve
fit). The relationships among the variables should be
justifiable, based on theory, or based on previous re-
search findings. Researchers should be cautious in re-
specifying models because simply adding more pa-
rameters will almost always improve fit but may not
be theoretically relevant.!>!> A researcher must spec-
ify a model, or competing models, a priori, before any
analysis are performed. Analyses and interpretation of
a SEM, especially the underlying hypothetical con-
structs represented as the latent variables, depend on
how those variables were measured. Therefore, SEM
not only subsumes many statistical concepts (correla-
tion, ANOVA. multiple regression), it requires that the
researcher understand measurement theory, meaning
that the psychometric properties (reliability and valid-
ity) for each instrument used to measure an underlying
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construct must be elucidated. It is important to under-
stand that SEM tests the whole model for goodness of
fit and provides information as to the relevance of var-
ious measurement components as well as relationships
between variables that can be reviewed based on the
theory that was used to create the model.’

At this point we introduce an example of a SEM
application in medical education. Based on the results
of previous theory and research on the predictive va-
lidity of the Medical College Admission Test (MCAT)
and undergraduate grade point average (GPA) on the
United States Medical Licensing Exams (USMLE),
Collin and Violato'® constructed a latent variable path
model (which is the most fully developed SEM) of
general achievement, aptitude for medicine, and per-
formance in medicine (Figure 2).

To test the model depicted in Figure 2, data were ob-
tained from the Association of American Medical Col-
leges and the National Board of Medical Examiners.
MCAT student data consisting of all medical students
in the United States from 1992 to 2001 and their cor-
responding USMLE data were employed. The model
was fit to a random sample of 24,872 participants.

The model summarized in Figure 2 consists of 11
variables: GPA Year 1, GPA Year 2, GPA Year 3. GPA
Year 4, the MCAT subtests (Biological Sciences, Phys-
ical Sciences, Verbal Reasoning, Written Sample), and
the USMLE Steps (1, 2, and 3) were included as identi-
tying the three latent variables (General Achievement,
Aptitude for Medicine, Performance in Medicine).

The development and testing of a model oc-
curs systematically. Five steps characterize most
applications of SEM!'3: model specification, identifi-
cation, estimation, testing fit, and respecification, as
summarized in Figure 3 and discussed next. These
operational steps are necessary to increase the like-
lihood that the predicted model will fit the observed
data. These steps have also been discussed by Kline,!?
Bollen and Long,'® and Boomsma.'”

Step 1

A research problem is outlined and a model is speci-
fied. This problem and subsequent questions influence
and are influenced by the underlying theory that has
buttressed the work in that area. The theory underlying
the model should be supported by the presence of pre-
liminary empirical evidence gathered by reliable and
valid psychometric tools and analyzed by the appropri-
ate univariate and multivariate techniques.'> As SEM
relies on a priori hypotheses, the researcher must be
able to define the theoretical underpinnings and how
the research question was developed. The population
under study also has an impact on the development of
theory and research question(s) that are of interest.

A testable model, or competing testable models,
is then developed based on the research question and
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Figure 2. Latent variable path analysis model of UGPA, MCAT. and USMLE (Steps 1-3) latent variables employing ML estimation (1 =
24.872). Note. Fit indexes: x2(55) = 11726.28, p < 001 (CFI = 928, RMSEA = .025). UGPA1-4 = Undergraduate GPA Year 1-4: BS =
Biological Sciences MCAT Subtest: PS = Physical Sciences MCAT Subtest; VR = Verbal Reasoning MCAT Subtest; WS = Writing Sample
MCAT Subtest: Step 1-3 USMLE = United States Medical Licensing Exam Step 1-3.

theory. The modet is specified—the relationships be-
tween the variables must be explained and the measure-
ment and the structural models are explicitly defined.
Here the two component parts, the measurement model
and the structural model, need to be explicated.

Step 2

The model is reviewed for identification—whether
itis possible to find unique values for the parameters of
the specified model. For models to be properly empir-
ically assessed they should be identified or overiden-
tified, meaning that the information in the data (that
are the known values such as variances and covari-
ances) is equal to or exceeds the information being
estimated (unknown values such as parameter estima-
tions, measurement error, etc.). If the unknowns exceed
the knowns, then the model is underidentified.'S Iden-
tification (under, over, or just) is determined by the
number of manifest variables and the number of paths
to estimate.

In the measurement model, the data should con-
tain multiple indicators of each latent variable. Models
with one latent construct should have three observed

variables for identification, whereas models with two
or more latent constructs should have two or more
observed variables for identification."> One indica-
tor alone of a hypothesized latent construct results
in a biased measurement if the error is unknown.”-!9
Although some suggest that at least three indicators
should be used to account for as much of the variance
as possible in the latent variable, typically most SEM
models use two indicators. This may be adequate if the
indicators are tests or scales. If they are single items
or item “parcels,” however, several items should be
used at least to achieve adequate reliability.'* The in-
dicators must be selected carefully, and the reliability
and validity of the psychometric instruments used for
the measured variables should be well described.

Step 3

‘The model is estimated. Estimation techniques were
developed to determine how a model fits the observed
data based on the extent to which the model implied co-
variance matrix is equivalent to the data derived covari-
ance matrix." This is formally described in the simple
equation, & = X (), where X (sigma) is the population
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Step 1: A research
problem is outlined and
a model is specified.
This should be based
on substantial theory
and previous empirical
work.

Step 5: How good is
the fit? If the fit is poor,
the model may be
respecified on
theoretical and
empirical grounds and
then re-tested on the
same or new data.

Step 2: The model is
reviewed for
identification — whether
it is possible to find
unique values for the
parameters of the
specified model.

Step 3: The model is
estimated — how well
does the model fit the
observed data? [s the
model covariance
matrix equivalent to the
data covariance matrix:
=X (0)?

Step 4: The goodness-
of-fit is determined.
Generally the
estimation is based on
maximum likelihood,

least squares, or
distribution free
statistical theory.

Figure 3. Iterative procedures and steps for developing and testing a structural equation model.

covariance matrix of observed variances, 6 (theta) is
a vector that contains the population parameters, and
2(6) is the covariance matrix written as a function of
6.* Both the simplicity and generality of this equation
belies its elegance—it provides a unified way of
including most statistical techniques in our field.!

The most common methods for estimation are based
on the statistical theory that forms the basis of nor-

*A hand-in-glove metaphor is useful in understanding this tech-
nique. A glove is the model (£(6)) whereas a hand is the data (X).
We attempt to derive a perfect “glove” (i.e., model or theory) to it
over the hand (the data). The lack of fit of the glove (e.g.. too few
fingers for too many], parts that are too large or too small, etc.) to
the hand is indicated in the ¢ vector.
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mal, elliptical, and arbitrary distribution estimators.
They are maximum likelihood (ML), generalized least
squares (GLS), and asymptotic distribution free (ADF)
approaches respectively. These estimation procedures
are iterative—the calculations performed are iterated
until the best parameter estimation is obtained.**

**ML is the default estimation technique in most SEM software
and is the most widely used. ML assumes that variables are multivari-
ate normal (i.e. distribution of the variables is multivariate normal)
and requires large sample sizes. ML estimates parameters that maxi-
mize the likelihood (the probability) that the predicted model fits the
observed model based on the covariance matrix.'!® The covariance,
defined as covyy = r,SD,SD, (Pearson product moment correla-
tion between variables X and ¥ multiplied by the standard deviation
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The sample data are collected from the population
under study. Descriptive and univariate analyses are
performed to determine whether the data meets the
assumptions for SEM, which are similar to most sta-
tistical methods dealing with parametric data. SEM
is based on assumptions of multivariate normality, in-
dependence of observations (assumption of local sta-
tistical independence), and homoscedasticity (uniform
variance across measured variables).

Step 4

The goodness of fit is determined. Generally the
estimation is based on testing the null hypothesis of
¥ = Z(H). A test statistic allows us to test the null
hypothesis that the specified model leads to a repro-
duction of the population covariance matrix of the ob-
served variables.

To assess goodness of fit of the observed data to the
model, various fit indexes have been developed. There
are no fixed rules as to which one to use, or which
combination to use, and there is still little agreement
on what represents the best fit.!3

Fit criteria indicate the extent to which the model
fits the data. A commonly used goodness-of-fit statis-
tic, chi-square, provides a significance test that assesses
whether the calculated covariance matrix is equal to the
model implied covariance matrix or the null hypothe-
sis that the differences between the two are zero. Other
fit indexes are descriptive and are broken down into
three categories—measures of overall model fit, mea-
sures based upon model comparisons, and measures of
model parsimony. '

The chi-square statistic, however, should not be used
as the sole criterion for fit because it has a number of
technical problems (sensitivity to sample size, not in-
terpretable in a standardized way, inflated Type 1 error
rate for model rejection) as used in SEM. Descriptive
goodness-of-fit measures are used in conjunction with
the chi-square values to determine overall fit of the
model to the data.

(SD) for X and Y), is the statistic primarily used in SEM.!5 The
covariance matrix used in SEM is meant to explicate patterns of
correlation among a set of variables and to explain as much of their
variance as possible within the model specified by the researcher.20
GLS is based on the same assumptions as ML and used under the
same conditions (it performs less well with smaller sample sizes;
therefore ML is recommended).?*>! GLS reduces the sum of the
squared deviations (or variances) between the predicted model and
observed model and is more popular in regression analyses.”® ADF
estimation techniques (such as arbitrary distribution least squares)
may be used if some measured variables are dichotomous and oth-
ers are continuous. and therefore multivariate normality cannot be
assumed or if the distributions of the continuous variables are non-
normal. These estimation techniques are not as widely used as ML
and GLS. ML. GLS, and ADF estimation methods are based on some
rather complex algorithms and further accessible explanations can
be found in Kline.'¥ Schermelleh-Engel et al.!"and Myung.>*

Descriptive measures based on model comparisons
assess the fit of a model compared to the fit of a baseline
model. Baseline models are either an independence
model where it is assumed that the observed variables
are measured without error or a null model where all
parameters are fixed to zero., Descriptive measures of
model parsimony are used primarily when competing
models are being compared. Typically values of these
measures range from zero (no fit) to one (perfect fit),
whereas some provide a badness-of-fit with parameters
of zero to one.

Common fit indexes include root mean Square error
of approximation (RMSEA), standardized root mean
square residual (SRMR), goodness of fit index (GFI),
Akaike information criterion (AIC), the comparative fit
index (CFI), and a number of others. The most widely
reported index is the CFI, which compares a predicted
model with a baseline model.

How should fit be interpreted? Most software pack-
ages that are specialized for SEM analyses (e.g., EQS.,
LISREL, AMOS) provide several indexes that repre-
sent the different classes of fit criteria, Researchers
should compare and contrast the chi-square value and
its p value, x/df, RMSEA, and its confidence inter-
val (CI), SRMR, nonnormed fit index, and CFI. Usu-
ally the chi-square value, CFI, SRMR, and RMSEA
are presented as indicators of goodness of fit.20-2} For
model comparisons, the chi-square difference test and
AIC should be examined. Results based on sample
sizes of 250 or less should be treated with caution. We
recommend reporting multiple fit indexes such as the
CFI in combination with SRMR and RMSEA, as this
combination tends not to reject models under nonro-
bust conditions (e.g., violations of multinormality).?!
Generally models with CFIs = .90, SRMR < .01, and
RMSEA < .10 are considered a good fit.

Finally, model selection should be guided by the
principles of parsimony. If several models fit the data,
the simplest should be selected.!® A model can only
be rejected, it can never be proven 1o be valid. If the
fit is acceptable the proposed relationships in the mea-
surement model between the latent and the observed
variables and the structural models between the latent
variables is supported by the data. If the fit is considered
poor (e.g., CFI < .90), the model can be respecified.

Step §

The model may be respecified on theoretical
grounds. The first step is to respecify the measure-
ment model, which is then analyzed to assess fit. If
the fit is acceptable, then the SEM model can be an-
alyzed. The model is then assessed and respecified if
necessary, based on statistical output and theoretical
relevance. The respecitied model should also be tested
on new data. The theory can be extended and refined
and the results replicated by other researchers as well 2+
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Finally, conclusions can be drawn from analyses and
comparison to theory. This is the iterative process of
model development, identification and testing as sum-
marized in Figure 3.

Sample Size and Model Fit

Sample size is important for goodness of fit as the
estimation procedures used to calculate the model pa-
rameters require a sample size large enough to ob-
tain meaningful parameter estimates.’! Some have sug-
gested that sample size needs to be more than 25 times
the number of parameters with a minimum subject to
parameter ratio of [0:1, but with the proviso that the
lower bound of the total sample size should be approx-
imately 100 to 200."2! Bentler proposed that when
sample sizes are small, multiple competing models
should be tested. If some of the models are rejected
using the fit indexes, then the sample size is probably
large enough because there is enough power to reject
competing models.2!

Strengths and Weaknesses of SEM

Strengths

SEM is a theory strong approach. Researchers em-
ploying this technique model hypothesized (latent)
variables and, more important, model the indirect and
direct relationships between the latent and observed
variables. It supersedes other multivariate analyses be-
cause it can model the relationships between “error
free” latent variables by partialing out measurement
error from multiple, imperfectly reliable indicators.
Therefore, SEM can be used for a number of research
designs.!?

Path analysis has sometimes been referred to as
causal modeling. Because path analysis forms the
structural model in SEM, it can provide evidence for
causality among variables. Three conditions of causa-
tion must be met, however: There should be an ob-
served and measured relationship between x and y
(should be correlated: association), x should precede
¥ in time (temporal order: direction of influence), and
¥ and y should have a nonspurious relationship—the
observed, measurable and temporal relationship will
not disappear when other variables on this relationship
are controlled (isolation).! 13

Theoreticians caution that causation can never be
proven and argue that the structural model can only
determine if the researcher’s hypothesized causal in-
ferences are consistent with the data.!:¢ A good fit does
not imply a strong effect on the dependent variable—
even a high proportion of explained variance does not
confirm causality. The best we can expect from SEM
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is evidence against a poor model but never proof of a
good one.”* Well-designed, theory strong studies, how-
ever, can provide powerful evidence for the effect of

one variable on another.

Weaknesses

SEM does have a number of limitations. It requires
a very well-developed theory and empirical evidence
and therefore is limited in its applicability. When SEM
is used for exploratory purposes, model fit may be more
a function of statistical fit than theoretical fit. Further-
more, if the model is misspecified due to weak theory.
unclear hypotheses or poor study design, the causal
relationships between the variables will be misinter-
preted.

SEM, like other analytic procedures, cannot com-
pensate for unreliable measures.® If measuring instru-
ments with poor reliability are employed, the SEM
will be laden with error. The use of only one mea-
sure to identify a latent variable is also a weakness
in that it reduces the amount of variability that can
be identified in the latent variable, thus producing a
biased measurement.® SEM cannot compensate for
instruments with poor reliability and validity, poorly
specified theoretical models, inadequate sampling, or
misinterpretation of the fit indexes. SEM generally re-
quires large samples that may be difficult to get. Finally,
SEM requires considerable theoretical and statistical
sophistication by researchers.

SEM and Medical Education Research

Although identified as a potentially powerful re-
search tool, SEM has not been used extensively in
medical education research. A PubMed search using
structural equation model and medical education re-
sulted in only 8 citations in English language journals
(as of May 24, 2006). Using confirmatory factor anal-
ysis or path analysis with medical education provided
16 and 8 citations, respectively. Assuming that research
with these types of analyses might not be reported
in biomedical literature but may be in the education
and psychological literature, we searched ERIC and
PsycINFO using the same search terms and found 6
additional empirical reports.

The majority of the reported use of SEM in
medical education research has in fact been CFAs
and path analyses. These techniques have been used
to test competing hypothetical models of how basic
science knowledge and clinical knowledge are used
in diagnostic reasoning,’®?" to asses the predictive
validity of various standard and nonstandard selection
criteria on medical school performance,® to assess
students’ motivation for choosing a specialization, 230
to test a causal model of the influence of educational
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interventions and motivation in problem-based
learning,*'** to confirm the factor structure of a
psychometric tool measuring readiness to engage
self-directed learning,*® to determine the stability of
communication skills in medical students as measured
in objective structured clinical examinations measured
at different times,*™ to explore two types of formative
assessment techniques on performance,* and to eval-
uate clerkship experiences on clinical competence.™
Very few of these have employed the full SEM models
of latent variable path analysis (LVPA) identifying
latent variables, their intercorrelations, and directional
influence.

De Bruin et al.”® tested four theories on the role
of basic science knowledge and clinical knowledge in
diagnostic reasoning of 59 family physicians and 184
second- to sixth-year medical students at Maastricht
University. SEM was used to analyze the data. In the
first model, only basic science knowledge was involved
in diagnostic reasoning; in the second model, only clin-
ical knowledge was related to diagnostic reasoning; in
the third model, clinical knowledge was related to diag-
nostic reasoning, but basic science knowledge was in-
tegrated in clinical knowledge; and in the fourth model,
both basic science knowledge and clinical knowledge
independently influence diagnostic reasoning. The re-
sults indicated that the third model, which is based on
the knowledge encapsulation theory, provided the best
fit to the data, whereas the models that had directly
related basic science knowledge with diagnostic per-
formance did not fit the data adequately. Thus the re-
sults stiongly supported the Schmidt and Boshuizen?’
theory of knowledge encapsulation that basic science
knowledge is activated in expert diagnostic reasoning
through its relation with clinical knowledge.

In another interesting application of SEM in medical
education, a British medical student cohort was studied
over 5 years by Ferguson et al.,”® who incorporated 18
different assessments into a structural equation model.
They found that conscientiousness was positively re-
lated to A-level grades and preclinical performance but
was negatively related to clinical grades. Other mea-
sures (e.g.. teachers’ reference, personal statements)
had no predictive value in their model. The SEM anal-
yses permitted Ferguson et al. to show the complex
relationship of conscientiousness with preclinical and
clinical grades while showing that more conventional
measures lacked predictive validity.

An Example of an LVPA

The Collin and Violato LVPA model depicted in
Figure 2 was tested employing EQS 6.1.° The I1
measured variables and the 2 exogenous variables, age
and ethnicity, were intercorrelated and converted to a
variance—covariance matrix, and the model was fit us-
ing ML estimation.

The overall fit of the model to the data was good,
resulting in a CFI of .928, x>(55) = 11726.28, p <
001. A CFI of .928 indicates that 92.8% of the vari-
ance and covariance in the data is accounted for by
the proposed model. Further evidence of the model’s
fit comes from the RMSEA of .025. Nearly all of
the residuals were zero. The standardized path co-
efficients and other parameters are summarized in
Figure 2.

All three latent variables in Figure 2 are identified.
General Achievement (path coefficients ranging .36—
.89} is identified by four variables (GPA Year |, GPA
Year 2, GPA Year 3, GPA Year 4) that are all the-
oretically relevant to an achievement construct. The
path coefficients on Aptitude for Medicine range from
.32 to .84 (Bio Sc, Phys Sc, Verbal, Written) that are
all subtests of the MCAT. Three of the measured vari-
ables (USMLE Step!, USMLE Step 2, USMLE Step 3)
also serve to identify Performance in Medicine (MCAT
Bio Sc, MCAT Phys Sc, MCAT Verbal, MCAT Writ-
ten have split loadings on this latent variable) that
are all relevant to a performance in medicine con-
struct. There is a direct path coefficient 047,p <
.001) from Aptitude for Medicine to Performance in
Medicine that confirms the “causal” direction. The cor-
relations between General Achievement (r= .41, p <
.001) and Performance in Medicine and Aptitude for
Medicine (r = .25, p < .001) all confirm the expected
relationship.

The General Achievement factor has a significant
path coefficient (0.36, p < .01) from the exogenous
variables age and ethnicity. For age, the path ac-
counts for 12.7% of the variance indicating that age
is related to undergraduate achievement (inversely—
younger students perform better than older ones). Eth-
nicity has a small (.22, p < .05) path coefficient on
Performance in Medicine (5.0% of the variance) but
nonetheless influences this variable.

All of the latent variables are related as pre-
dicted, and the crucial path coefficient from Aptitude
for Medicine to Performance in Medicine is signif-
icant (path coefficient = 0.47,p < .001). The inter-
correlations among the other latent variables are all
significant. These results support the overall model
and the particulars of the predicted relationships
as well.

This LVPA model tested the long-standing theory
that three constructs. Aptitude for Medicine, General
Achievement, and Performance in Medicine, can be
identified and their interrelationships determined. No
previous research has been published testing the entire
model of aptitude—achievement—performance, identi-
fying these as latent variables, however. Most research
heretofore has employed simple correlation or regres-
sion methods. The Collin and Violato research, there-
fore, provides a considerable advance over previous
work in this area and demonstrates how a complex
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theoretical problem can be addressed employing SEM.
The use of the large sample in the study provides
confidence in the stability of the model (i.e., it shouid
readily replicate across samples).

Conclusion

SEM has a number of promises. It is an integrated
statistical method that allows researchers to test pro-
posed theories through quantifiable measures. It builds
on statistical techniques such as correlation, EFA, re-
gression, and ANOVA and combines the strength of
CFA with path analysis to explicate the direct and indi-
rect relationships between measured and hypothetical
variables.

Models for SEM are composed of two basic parts—
the measurement model, which is the theorized orga-
nization of indicator variables and how they identify
the latent variables, and the structural model, which
refers to the relationships between the latent variables.
A good fit of the structural and measurement models
to the data provides evidence that the hypothesized
relationships in the model are consistent with the rela-
tionships in the observed data.

The research methods underpinning SEM makes it
a theory strong approach. For models to be tested for
fit to data, a series of sequential steps must be under-
taken, including model specification based on theory
and empirical evidence, identification of reliable and
valid psychometric tools to be used as indicators for the
hypothetical constructs, estimation procedures, model
evaluation through the use of fit indexes, and model
respecification, ! 1315.17.23.24

SEM is a useful research and statistical method for
medical education research and has the potential for ad-
vances in the area. These may include advances in lon-
gitudinal measurement of student learning, verifying
the predictive validity of the medical school selection
process, predictive validity studies using cognitive and
noncognitive factors as predictors for student success,
testing aspects of clinical performance and test scale
development, and testing the validity of the aptitude—
achievement—performance complex.

SEM does have limitations. It requires a strong con-
ceptual understanding of the theory relevant to the re-
search question. Much of theory in medical education
may currently lack this strong conceptual understand-
ing. SEM also requires substantial prior empirical ev-
idence. Again, basic empirical evidence is lacking in
many aspects of medical education research. SEM also
requires large samples that may be difficult to obtain.
Finally, it requires considerable theoretical and statisti-
cal sophistication that may be lacking among medical
education researchers, Notwithstanding these limita-
tions, SEM does provide promise for testing complex,
integrated theoretical models in medical education.
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