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Structural equation modeling (SEM) is a multivariate technique suited for testing proposed rela-
tions between variables. In this article, the authors discuss the potential for SEM as a tool to ad-
vance health communication research both statistically and conceptually. Specifically, the au-
thors discuss the advantages that latent variable modeling in SEM affords researchers by
extracting measurement error. In addition, they argue that SEM is useful in understanding com-
munication as a complex set of relations between variables. Moreover, the authors articulate the
possibility for examining communication as an agent, mediator, and an outcome. Finally, they re-
viewtheapplicationofSEMtorecursivemodels, interactions,andconfirmatoryfactoranalysis.

Health communication researchers need an arsenal of theo-
retical, methodological, and data analytic skills to see a re-
search project through from start to finish. While there exist
an array of resources for theory and methodology (Crano &
Burgoon, 2002; Hornik, 2002; Maibach & Parrott, 1995;
Miller, Alberts, Hecht, Trost, & Krizek, 2000; Rice & Atkin,
2001; Thompson, Dorsey, Miller, & Parrott, 2003), health
communication scholars for the most part have shied away
from writing extensively about data analytic skills and strate-
gies (cf. Hornik, 2002; Valente, 2001). Therefore, we are en-
thusiastic about this opportunity to present structural equa-
tion modeling (SEM) as a data analytic approach suitable for
some health communication research.

Although SEM is certainly not new (e.g., Jöreskog, 1967,
1969), its diffusion into communication research is more re-
cent. Cappella (1975) wrote the first article introducing the
topic to the discipline, but nearly a decade passed before
McPhee and Babrow (1987) discussed the uses and misuses

of the technique. The development of computer technology
brought both processing power and user-friendly programs
that facilitated the use of the technique. This was a mixed
blessing according to Holbert and Stephenson (2002, 2003;
Stephenson & Holbert, 2003), who provided a series of re-
views of communication-based SEM research in order to fa-
cilitate the proper use of the technique.

In this article, our purpose is to explain how scholars of
health communication can take advantage of this versatile
multivariate tool to advance both their research agendas and
their understanding of health communication. In this essay,
we aim to (a) provide a brief description of SEM, (b) present
the statistical advantages of this technique for health commu-
nication research, (c) demonstrate how SEM informs our un-
derstanding of communication as a process, and (d) provide
examples of how SEM advances research in health commu-
nication. Note that we do not present a primer on SEM. Such
a task is not feasible in one article, and there exist other excel-
lent sources that already provide this information (e.g.,
Bollen, 1989; Hoyle, 1995; Kaplan, 2000; Kline, 1998;
Loehlin, 1998; Maruyama, 1998; Raykov & Marcoulides,
2000). Instead, we focus on SEM as an analytical tool that
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can advance our knowledge of health communication as a set
of interrelated variables that define communication as a pro-
cess. We hope to whet the appetite of readers in a way that
motivates them to pursue additional knowledge of this tech-
nique. We proceed with one caveat: SEM is not appropriate
for all research endeavors, and it is the researcher’s decision
to determine the data analytic technique most appropriate for
addressing his or her hypotheses and answering research
questions. Our overview below will provide the reader with
an indication of when SEM is useful to consider as a data an-
alytic tool.

OVERVIEW OF SEM

SEM is used to estimate simultaneously a system of hypothe-
sized relationships among observable and latent variables to
determine whether these associations are consistent with an
obtained sample of data (Bollen, 1989). This multivariate an-
alytical technique emerged from three separate lines of math-
ematical and statistical analysis: path analysis, factor analy-
sis, and simultaneous equation modeling. Wright (1934)
offered the first breakthrough in path analysis by demonstrat-
ing how the associations among variables are related to
model parameter estimates that take the form of a path dia-
gram (Kaplan, 2000). As Wright was refining his method of
path analysis, Thurstone (1947) was advancing the study of
factor analysis (see Mulaik, 1972, for a review). Similarly,
individuals in the field of econometrics began developing
and refining a technique of simultaneous equation modeling
(see Blalock, 1971). The work of Karl Jöreskog bridged these
three areas (Cudeck, du Toit, & Sörbom, 2001). His earliest
contribution in the development of SEM, confirmatory factor
analysis (CFA; Jöreskog, 1967, 1969), linked previous work
by Lawley on maximum likelihood and restricted factor anal-
ysis to create the basic measurement tool that is common to
all major SEM programs (i.e., LISREL, EQS, AMOS;
Jöreskog & Lawley, 1968). However, the present-day tech-
nique has evolved beyond the study of just measurement
models to become “a melding of factor analysis and path
analysis” (Kaplan, 2000, p. 3). Indeed, SEM has been called
“the single most important contribution of statistics to the so-
cial and behavioral sciences during the past twenty years”
(Lomax, 1989, p. 171).

There are two common components to a structural equa-
tion model: the measurement model and the structural model.
The measurement model analyzes relationships among a set
of observable variables and a predetermined number of latent
variables. Observable variables are those collected in the re-
searcher’s measurement instrument, while latent variables
exist beyond human measurement. The use of latent vari-
ables cannot be overemphasized because, “All observation is
fallible, no matter how refined the measuring instrument…
we never measure exactly the true variables discussed in our
theories. In this same strict sense, all (true) variables are ‘un-

observed’” (Duncan, 1975, p. 113). The associations among
the observable variables and latent variables in a model are
established a priori and tested against a data set to see if the
hypothesized measurement relationships match the data that
have been collected. Beyond the associations analyzed by the
measurement model, the structural component of the model
analyzes a series of a priori relationships established between
latent variables. The structural component of the model can
also analyze relationships among observable variables if a re-
searcher is treating all single items or additive indexes as ob-
servable. The latter scenario is oftentimes referred to as path
analysis (Kline, 1998), but SEM-based analyses of this type
are distinct from earlier forms of path analysis given the more
common use of full-information estimation procedures in
SEM software.

There are three primary steps in SEM: specification, es-
timation, and evaluation. Specification involves (among
other things) identifying the set of relationships one wants
to examine, determining how to specify these variables
within the model (see Stephenson & Holbert, 2003), and
screening the data set so that it adheres to the assumptions
of the statistical theory underlying SEM analyses. Estima-
tion is the “first logical step” that follows specification
(Chou & Bentler, 1995, p. 37). In this step, researchers
make decisions about what data structure will be used (i.e.,
covariances, correlations, or raw data), partial- versus full-
information estimation procedures, and how to evaluate the
hypothesized model against a data set. Finally, model eval-
uation pertains to goodness of fit, multivariate normality,
and model modification, if warranted. There is much more
to these three steps than we can provide here. Our point is
that it is only after all three steps (specification, estimation,
and evaluation) have been completed with sufficient meth-
odological rigor that a researcher can make judgments
about the hypotheses that served as the basis for creating
the structural equation model.

STATISTICAL ADVANTAGES TO SEM

Perhaps the principal advantage of SEM is the ability to
model constructs as latent variables. This affords researchers
the opportunity to extract measurement error. Once measure-
ment error has been extracted from the latent variables that
have a specified relationship in a model, only the systematic
relationship between these latent variables remains (Cudeck
et al., 2001; Jöreskog, 1973). Before we proceed, let us clar-
ify that a latent variable is an underlying construct not di-
rectly tapped by any one set of measures, although the typical
process is to capture the construct by measuring it with multi-
ple items (Duncan, 1975). For example, consider sensa-
tion-seeking. It is a latent construct and we choose to capture
its meaning by measuring it with a 4-item scale (Stephenson,
Hoyle, Slater, & Palmgreen, 2003).
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In latent variable modeling, a construct’s unreliability is
accounted for in the measurement model. The measurement
model consists of measured variables and their respective er-
ror terms, latent variables and their error terms (also called
disturbance terms), and the relationships between the mea-
sured and latent variables. The error terms for measured vari-
ables estimate the unreliability (measurement error) that
exists between the measured and latent variables. The dis-
turbance term for the latent variable represents the variance
unaccounted for in the latent variable by the measured vari-
ables. “In this way, uniqueness and random error are di-
vorced from commonality in such a way that the reliability…
is in effect 1.0” (Hoyle & Kenny, 1999, p. 203). As a result,
the parameter between the measured variables and their re-
spective latent variable reflects the systematic (true) relation-
ship of measurement corrected for unreliability (see Bollen,
1989, pp. 218–221 for a detailed discussion).

Allow us to illustrate with a very simple example that in-
volves examining the correlation coefficient between two
scales, sensation-seeking and attitude toward marijuana use.
If sensation-seeking is measured with a four-item scale and
attitude toward marijuana is measured with a three-item
scale, protocol is to use SPSS or SAS to first examine the reli-
ability of each scale individually. If they are reliable, we
compute the mean for each scale and then generate the corre-
lation between the two variables. The correlation is reported
in the output. Unless the reliability of the two scales is 1.0,
this correlation coefficient is attenuated by measurement er-
ror (Schmidt & Hunter, 1996). In contrast, if we use SEM
procedures, we can model these two constructs as latent vari-
ables. This implies that the four items for the sensation-seek-
ing scale would “load” on one latent variable and the three
items for attitude toward marijuana would load on the other
latent variable. Provided that we followed the correct proce-
dures, the SEM program would extract the measurement er-
ror from both constructs (where measurement error is a func-
tion of the construct’s reliability) in order to provide the
unattenuated correlation between sensation-seeking and atti-
tude toward marijuana use. The more measurement error
(i.e., the lower the reliability) in each construct, the more the
correlation between them is affected. Although this is a very
basic example, one can see that SPSS or SAS (or your favor-
ite statistical software) will not extract measurement error
because they do not model constructs as latent variables.
Structural equation software can model latent variables and
extract measurement error. This is the unique advantage of
using latent variables in SEM.

Eliminating measurement error is important in health
communication research. First, statistically speaking, the ef-
fect of most health interventions is comparatively small. For
example, Snyder’s (2001) meta-analysis indicated that ap-
proximately 12% of the specified target audience changed
their behavior as a result of a communication campaign en-
couraging new behaviors. Meanwhile, Derzon and Lipsey
(2002) concluded, in their meta-analysis of antidrug cam-

paigns, that adolescent drug use would be 1% to 2% lower as
a result of media substance abuse campaigns. Second, be-
cause typical effect sizes are already modest, allowing mea-
surement error to manifest itself in critical outcome variables
will only continue to mask the true (and perhaps already
small) effect. “Random error of measurement distorts virtu-
ally every statistic computed in modern studies” (Schmidt &
Hunter, 1996, pp. 199–200). Because many health interven-
tions are field experiments where measurement error is sure
to abound, the intervention effects are likely to be modest. It
is therefore justified for researchers to use available statisti-
cal procedures to eliminate the effects of measurement error
in order to reveal the unattenuated, systematic effect of the
health communication intervention on behavior. One way we
can capture and remove it, then, is with SEM. In most in-
stances (although not all, see Bollen, 1989), removing mea-
surement error results in comparatively larger effects.

CONCEPTUAL ADVANTAGES TO SEM:
HEALTH COMMUNICATION AS A PROCESS

Although there exist many viable ways to analyze health
communication data, SEM is particularly useful in allowing
researchers to visualize, and therefore analyze, communica-
tion as a process. Cappella (1991) writes that “processes …
are the guts of any substantive theory” (p. 168), and that
“how messages are understood (read, interpreted, compre-
hended, etc.) is a process question fundamental to all forms
of human communication” (p. 169). Not only do we fully en-
dorse Cappella’s viewpoint, but we would also argue that
SEM is a statistical tool that provides researchers with a
unique opportunity to explore these processes.

This argument, in part, hinges on the notion that SEM al-
lows one to analyze simultaneously a system of equations
that represent a theoretical process (i.e., Duncan, 1975). Un-
derlying the analysis of these systems of equations is full-in-
formation maximum likelihood estimation, an iterative fea-
ture of the statistical software that determines if the
hypothesized model is consistent with the observed data (i.e.,
whether the model fits). This approach is in direct contrast to
traditional general linear model (GLM)-based approaches
such as multiple regression. These statistical analyses em-
ploy partial-information ordinary least squares estimators
that solve systems of equations one by one, not as a system of
equations that can be solved simultaneously (Ahmed &
Mosely, 2002). Sometimes researchers will employ regres-
sion to generate a path analysis, but the process of obtaining
this analysis is simply a function of running a series of re-
gressions in SPSS, SAS, or another statistical package. The
latter does not estimate the entire theoretical model (or pro-
cess) but instead tests sections of the theoretical model (or
process) one at a time. Therefore, there is no joint, systematic
evaluation of the omnibus theoretical model, an approach
that is available in SEM through full-information maximum
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likelihood (and other) estimators (Blalock, 1971; Bollen,
1996; Jöreskog, 1973).

Moving health communication research forward, then, in-
cludes understanding the complexity of the communication
process. In that vein, Parrott (2004) argues that “Communi-
cating about health implicitly reflects multiple discourses but
usually only explicitly addresses one component at a time. …
Seemingly too little progress has been made to address this
issue directly” (p. 774). We agree. By failing to consider the
broader network of variables, modeled simultaneously to un-
derstand the complexity of relationships involved in commu-
nication, we cannot thoroughly understand the role commu-
nication plays within a larger nomological network.

Viewing communication as a process means fully testing
theoretical models rather than analyzing small or discrete
sections of them one by one (as is the limitation of GLM
analyses). Mongeau and Stiff (1993) made this argument for
research on the elaboration likelihood model (ELM; Petty &
Cacioppo, 1986), specifically that social scientists had rele-
gated tests of the model to a series of analyses of variance,
thereby failing to consider the explanatory and predictive
features of the omnibus theoretical model. More important,
however, is that researchers were missing the opportunity to
analyze a system of relationships theorized by the ELM that
were ideal for testing with SEM (see Stephenson, Benoit, &
Tschida, 2001).

We see an almost identical situation in health communica-
tion with Witte’s (1992, 1994) extended parallel process
model (EPPM). Despite its considerable contribution to the
health communication literature, as evidenced by the number
of studies that use it (see Witte & Allen, 2000), we have yet to
see a test of the EPPM as an omnibus structural model assess-
ing the relationships between variables (Witte, personal com-
munication, February 26, 2006).1 Instead, researchers have
focused more on the divergent outcomes (danger control pro-
cesses or fear control processes) that are a function of various
message features (threat and efficacy), and researchers have
analyzed their data in these studies within the GLM-based
framework (e.g., Stephenson & Witte, 1998; Witte, 1994).
Certainly this is helpful in understanding that one type of
message has these effects under certain conditions. But the
bigger issue, from an SEM standpoint, is that the EPPM is
proposed theoretically (and graphically) as a set of structural
relations between variables. Hence, the untested omnibus
theoretical model remains an opportunity for exploration.

Opportunities also exist for understanding and advancing
our knowledge of communication within patient–provider
relationships. Although his model is fundamentally different
from Witte’s model in both scope and context, Street (2003)
advances a three-stage framework describing the process of
patient interaction with health communication technology. In
describing the utility of his model, Street (2003) formally ad-

vances our argument, claiming that those who research pa-
tient–provider communication “have done relatively little to
develop and test theoretical models of the processes underly-
ing these interactions” (p. 63). Consequently, Street intro-
duces the three stages of his framework: implementation
(comprised of institutional, technological, and user factors),
which influences use (utilization of technology and interme-
diate outcomes such as knowledge and efficacy), which then
affects health outcomes (health improvement, lifestyle
change, preventive action). Street argues that there are im-
portant communication variables that influence each stage of
the relationship. The model is an elegant portrayal of a com-
plex process where communication is central to a set of rela-
tionships with other noncommunication variables. Certainly
one could take various components of the model and exam-
ine them separately. Depending on one’s research interests,
this may certainly be a reasonable and justified approach. But
to the extent that someone wants to fully understand the role
of communication within the process of relationships impli-
cated in Street’s model, SEM can be a means toward that end.

Beyond patient–provider frameworks, understanding
communication as a process is important to other health com-
munication contexts. Albrecht and Goldsmith (2003) iden-
tify social support as a “process embedded in structures of
ordinary relationships in social life” (p. 263). Mass com-
munication campaigns are no different, as “much of the his-
tory of research in health education and communication … is
the story of implementing and evaluating interventions”
(Hornik, 2002, p. 15).

Health communication researchers, then, agree that com-
munication is a process within various contexts. The issue at
hand, then, is to move our research in the direction of analyz-
ing communication as a process involving a host of other
variables. To the extent that theoretical models present com-
munication as a process, or alternatively as one part of this
process, SEM is well suited to help accomplish this task. The
primary advantage in modeling these processes is that SEM
uses full-information estimation procedures that allow a
greater set of theoretical relationships (i.e., systems of equa-
tions) to be analyzed simultaneously.

CONSTITUTING COMMUNICATION AS AN
AGENT, MEDIATOR, OR OUTCOME

To consider communication as a process, one must theoreti-
cally derive where in the path model the communication
component would reside. The communication component
may be studied as the stimulus and thereby located on the far
left-hand side of the structural model (i.e., as agent of influ-
ence). Alternatively, communication may be located in the
middle of a model, functioning both as a response to previous
stimuli but also activating subsequent outcomes as well (i.e.,
as mediator). Finally, communication may be examined at
the far right-hand side of the model as the primary dependent
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endogenous variable (i.e., as outcome). First, let us consider
communication as agent.

In communication campaign research, we often measure
exposure to some form of communication and evaluate the ef-
fects of this communication. When communication is the
stimulus, it can be used as an exogenous variable in a structural
model (that is, the left-most variable in the model, from which
the first set of relationships between the variables emerges).
For example, Evans et al. (2004) examined the impact of expo-
sure to antitobacco ads on tobacco independence, social
imagery, and smoking status. In their model, then, exposure
was the communication variable that acts as the agent of influ-
ence. Or, consider research by Dillard and Peck (2000) that
tested the effects of six public service announcements on the
emotional responses of viewers. Because separate models
were generated for each of the six ads, the authors did not need
to model exposure on the far left-hand side of the model. But in
this circumstance, the important point is that message expo-
sure functioned as the agent instigating the communication
process that they studied.

A second way to understand communication as a process
is to examine communication as a mediating variable. Under
these circumstances, a stimulus or exogenous variable would
influence a communication variable, which in turn would af-
fect some outcome variable. Slater and Rasinski (2005) re-
cently wrote that the “conceptualization and analysis of me-
dia influences on outcomes such as risk judgments should
explicitly recognize that media use patterns are largely the re-
sult of and therefore should at least partially mediate the ef-
fects of exogenous variables such as demographics and prior
experience” (p. 811). Under these circumstances, media ex-
posure and attention are both a result of and an antecedent to
noncommunication variables. Understanding communica-
tion as a mediating variable suggests that, at least in the pre-
vious scenario, interpreting one’s risk judgments solely
based on demographic and previous experience alone is in-
complete without considering the role of the media.

If we specify communication variables as either agent or
mediating, it provides us with a unique opportunity to under-
stand both the direct and indirect effects of communication
variables on outcome variables (Holbert & Stephenson,
2003). Unfortunately, as a discipline, we have not done a very
good job of considering the indirect effects of communica-
tion variables. From 1995 to 2000, only one in seven articles
using SEM in communication research considered the direct,
indirect, and total effects of the communication variables
within a broader structural model (Holbert & Stephenson,
2003). McGuire (1986) warned us 2 decades ago that we
have a misguided fixation on the direct effects of communi-
cation variables. By not assessing indirect effects, the disci-
pline is systematically underestimating the overall influence
of communication in a number of contexts. For example, in
Austin and Chen (2003), parental mediation (the communi-
cation component) is found to influence alcohol consump-
tion, but the impact of parental mediation is indirect through
desirability, skepticism, and alcohol expectancies. Without

considering the critical mediating variable in the process, the
total effects of parental mediation on alcohol consumption
would be substantially less and obscure.

Decomposing the effects reveals a much more complete
understanding of communication as a process and moves the
discipline beyond the study of direct effects only. Moreover,
there is recent research that substantially advances our ability
to analyze indirect effects. It is an advantage that SEM allows
one to specify relationships between multiple variables. But,
as discussed in Holbert and Stephenson (2003), neither the
traditional requisites for mediation articulated by Baron and
Kenny (1986) nor the statistical requirements for mediation,
as advanced by Sobel (1982), can be easily implemented in
multivariable structural models. This issue is complex, but
we do present the issue of mediation, direct, indirect, and to-
tal effects and the confidence intervals for these estimates in
more detail elsewhere (see also MacKinnon, Lockwood,
Hoffman, West, & Sheets, 2002; MacKinnon, Lockwood, &
Williams, 2004).

A third way to understand communication as a process is to
consider it as an outcome variable. Research on partner com-
munication (typically described as “negotiation”) about con-
dom use or safer sex, for example, has used partner communi-
cation about safer sex both as a predictor of other outcomes
(e.g., condom use), and as an outcome variable, in research
that views correlates or predictors of partner communication
about safer sex. An example of the latter is an article by Noar
(2003), inwhichhe firstdescribes theprocessutilizingSEMto
develop a scale. Noar then assesses the impact of condom
self-efficacy, negotiation self-efficacy, stages of change, sex-
ual assertiveness, supportive partner communication, and sex-
ual communication about other topics on the use of six con-
dom influence strategies or negotiation strategies (viz.,
withholding sex; making a direct request; “seduction,” in
which nonverbal cues are used; indicating caring or concern
for the partner, or “relationship conceptualizing,” presenting
information about the risk of STDs or AIDS; or deception).
Results indicate that condom self-efficacy, stage of change,
and sexual assertiveness were significantly and positively re-
lated to use of nearly all of the condom influence strategies,
whereas results for supportive partner communication and
sexual communication were weak or mixed.

ADDITIONAL USES OF SEM

Nonrecursive Models

Understanding communication as agent, mediator, and out-
come is a useful heuristic, but it does not directly speak to the
notion that the process is affected by a feedback loop. To un-
derstand the process fully, then, we must also consider
whether a structural model can theoretically be specified as
recursive or nonrecursive. A process of influence need not
move simply from left to right within a model (i.e., a basic re-
cursive model). Reflecting more complex processes, “non-
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recursive models contain reciprocal causation, feedback
loops, or they have correlated disturbances” (Bollen, 1989, p.
83). The most common form of nonrecursive model found in
the field contains correlated disturbances. Two latent vari-
ables are often allowed to freely covary in a model when a
significant, nonzero relationship exists between the two la-
tent constructs, and the researcher cannot determine the
causal nature of the relationship between the two variables.
This type of nonrecursive model is the least theoretically in-
teresting because it is most often created based on what a re-
searcher does not know (i.e., nature of causal direction)
rather than on what can be properly hypothesized. Non-
recursive structural models that hypothesize reciprocal rela-
tionships or feedback loops reflect greater theoretical sophis-
tication. Health communication researchers need to be aware
that they can step outside the relatively limited scope of test-
ing purely recursive models; SEM allows for the testing of
more sophisticated theoretical arguments.

Interactions and Structural Models

Interactions between variables are common in health com-
munication research. Some research on message effects ex-
amines the interaction between sensation seeking and mes-
sage sensation value (Everett & Palmgreen, 1995), while
other research on fear appeals specifies an interaction be-
tween threat and efficacy (Witte, 1992, 1994). In both cases,
the interaction has implications for the effects of the message
on the recipient.

Unfortunately, SEM analyses have historically lacked an
established technique through which to assess interaction ef-
fects (Schumacker & Marcoulides, 1998). Three techniques,
all with inherent strengths and weaknesses, have become
commonplace in the SEM literature. Schumacker and Mar-
coulides define these techniques as the following: multi-
ple-group, product indicant, and nonlinear.

The multiple-group approach is suitable when the moder-
ator variable is discrete and categorical. A multigroup model
is tested and a specific parameter estimate is compared across
groups. For instance, Stephenson (2003) used sensation
seeking as a moderator to analyze a multigroup model. Once
the theoretical model was specified, he analyzed the relation-
ships in the model for high and low sensation seekers sepa-
rately. The outcomes indicated that the pattern of relation-
ships between cognitive and affective variables on antidrug
attitudes was considerably different for high and low sensa-
tion seekers.

The more cumbersome product indicant procedure is used
when the moderator variable is a multiple-indicator latent
variable. A new latent interaction variable is created within a
model by multiplying pairs of observed variables that are in-
dicators of the respective latent constructs involved in form-
ing the interaction. There are multiple ways by which to form
the latent product-indicant variable, either using all indica-
tors or a sample of observable items (the latter is used when
the original latent variables consist of a large number of

items). The nonlinear technique replaces the traditional lin-
ear estimate with a nonlinear estimate (i.e., cubic, quadratic).
Schumacker and Marcoulides (1998) detail the strengths and
limitations of each procedure.

A recent advance provides a fourth technique for testing
interactions in structural equation models: latent variable
scores. This approach is detailed fully by Schumacker
(2002), and the means by which to compute latent variable
scores in LISREL is outlined in Jöreskog, Sörbom, du Toit,
and du Toit (1999). The computing of a latent variable score
yields a single latent construct that generates a relatively sim-
ple model structure when compared to the latent interaction
variables typically created with the product-indicant ap-
proach. Schumacker (2002) finds the latent variable score ap-
proach “easier to implement” than the product-indicant
method. In addition, “the latent variable approach also has
utility when testing more complex structural equation inter-
action models” (p. 49).

Measurement and Confirmatory Factor Analysis

Thus far, we have focused on the structural component of the
model, where the structural model comprises the relation-
ships (i.e., paths) between latent variables. However, it is im-
portant to remember that SEM also allows one to conduct a
confirmatory factor analysis (CFA) in order to evaluate the
measurement properties of the model. Anderson and Gerbing
(1988) advocate a two-step procedure where researchers first
establish that the measurement of the latent construct is con-
sistent with the theoretical structure imposed on the data.
This step should occur prior to estimating the structural com-
ponent. This procedure, called CFA, is where one tests a set
of theoretical relationships between measured variables and
their respective latent constructs.

Perhaps the primary benefit of CFA to health communica-
tion scholars is that it helps us understand the empirical prop-
erties of theoretically guided constructs for our research.
CFA allows researchers to advance and test the measurement
properties of a scale or its subscales a priori. This is impor-
tant because the conclusions of our research are only as good
as the measurement of the concepts used in the research.

We can illustrate CFA with this with an example from
Lane, Harrington, Donohew, and Zimmerman (in press),
who set out to develop a new scale to measure the perception
of message cognition value (MCV), a construct designed to
guide the development of specific message content charac-
teristics capable of enhancing the cognitive processing of
persuasive messages (Harrington, Lane, Donohew, &
Zimmerman, 2006). MCV is a message counterpart to need
for cognition (Cacioppo, Petty, Feinstein, & Jarvis, 1996).
But because MCV is a new message strategy, a scale evaluat-
ing subjective responses to this strategy was warranted in or-
der to provide empirical evidence behind its conceptual de-
velopment.

Therefore, Lane et al. (in press) set out to develop and val-
idate an instrument for assessing the perceived message cog-
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nition value (PMCV) of persuasive messages in health com-
munication interventions. In developing the scale, the
authors first reviewed the persuasion literature to identify
words and phrases consistent with the construct of message
cognition value. When this review was complete, the authors
had a list of 54 potential items to use in developing this scale.
Following a series of exploratory empirical assessments, the
authors retained 13 of the original 54 items. These 13 items
fell into a meaningful structure of three factors: cognitive
challenge, clarity, and credibility.

What was unclear to this point was whether the 13 items
comprising these three factors were empirically unique to
their respective three factors. Therefore, the authors con-

ducted a CFA using the SEM program AMOS. They
specified that 5 of the 13 items loaded or comprised the latent
variable representing cognitive challenge, 5 items loaded on
clarity, and 3 items loaded on credibility. After comparing a
series of nested models (a procedure used to determine which
model is the most accurate empirical representation of the
data), they concluded that the model representing the new
PMCV scale was in fact consistent with the data.

Figure 1 presents the recently validated PMCV scale.
Note that the data are most consistent with a second-order
factor model, confirming that the PMCV retains a multidi-
mensional structure. Combined with Cronbach’s alpha coef-
ficients of .75 or higher for both the composite 13-item scale
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FIGURE 1 Measurement model for confirmatory factor analysis.



and the three subscales, these results suggest that the overall
PMCV scale is sufficiently reliable and the three subscales
can also be reasonably considered to be reliable subcom-
ponents of the overall scale.

CONCLUSION

Our enthusiasm for SEM is based on its ability to advance
our understanding of communication as a process. Commu-
nication is complex and it does not occur as an isolated inci-
dent (Parrott, 2004). This certainly is no different for health
communication phenomena. Moreover, measurement of
communication and other theoretically important variables
will be laced with both systematic and random error
(Schmidt & Hunter, 1996; Stephenson & Holbert, 2003). It is
an advantage, then, that with SEM we can isolate random er-
ror and extract it so that it does not artificially mask the rela-
tionships between variables of interest (Hoyle, 1995).
Finally, SEM provides a way for us to understand communi-
cation as a direct or indirect effect, as well as the extent to
which moderating variables shape the communication pro-
cess (Holbert & Stephenson, 2003).

SEM is not without its critics (Breckler, 1990; Cliff, 1983)
or problems, and we would not suggest otherwise. SEM is
fallible. Therefore, we encourage scholars to understand how
SEM might advance a particular research program in ways in
which communication phenomena have yet to be explored.
Although we may never fully capture the intricacies of the
communication process, SEM at least moves us in the direc-
tion of understanding a process of interrelated variables more
fully and completely.
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