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Abstract 
Structural equation modeling (SEM) is one of the most widely used multivari-
ate techniques in the social and behavioral sciences, allowing researchers to test 
complex networks of relationships among observed and latent variables simul-
taneously, including direct, mediating, and moderating effects. Despite its pop-
ularity, researchers frequently struggle to distinguish between the two domi-
nant estimation traditions, covariance-based SEM (CB-SEM) and partial least 
squares SEM (PLS-SEM), and to apply the correct evaluation criteria for each. 
This article provides a pedagogically oriented, comparative overview of SEM 
intended for social science researchers. It defines SEM and its measurement 
and structural components, and explains how these components extend be-
yond simple direct-effects models to accommodate mediation analysis, in 
which an intervening variable transmits or partially transmits the effect of a 
predictor on an outcome, and moderation analysis, in which the strength or 
direction of a relationship depends on a third, conditioning variable. The arti-
cle then contrasts the theoretical assumptions and objectives of CB-SEM and 
PLS-SEM, including their differing suitability for testing indirect and condi-
tional effects, and consolidates the recommended goodness-of-fit, normality, 
reliability, and validity criteria, together with their accepted threshold values, 
for each approach. It further outlines how mediating and moderating effects 
are estimated and assessed under each approach, sets out separate assessment 
criteria for reflective and formative measurement models, distinguishes in-
sample predictive relevance from out-of-sample prediction, and cautions that 
directional paths estimated from observational data do not by themselves es-
tablish causal effects. By synthesizing guidance from foundational and contem-
porary methodological sources, the article aims to serve as a practical, citation-
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supported reference for researchers designing, estimating, and reporting SEM-
based research, including studies that model mediating and moderating rela-
tionships among latent constructs. 
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1. Introduction 

Structural equation modeling (SEM) has, in recent decades, become one of the 
primary data analysis techniques used by researchers across the social sciences, 
including sociology, psychology, education, management, and public policy (Hair 
et al., 2019b). Its growing dominance in applied social research reflects its unique 
capacity to examine multiple, interrelated dependence relationships simultane-
ously while explicitly accounting for measurement error in latent, unobserved 
constructs such as attitudes, satisfaction, trust, or social capital (Byrne, 2016; 
Kline, 2015). Unlike simpler techniques such as multiple regression or exploratory 
factor analysis considered in isolation, SEM integrates measurement theory and 
structural (path) theory into a single, testable statistical model (Jöreskog, 1969), 
which is a major reason it has displaced simpler multivariate techniques as the 
default confirmatory and predictive analysis method in journals across the social 
sciences. 

Since Jöreskog’s (1969) pioneering work on confirmatory maximum-likelihood 
factor analysis and Wold’s (1982) development of partial least squares path mod-
eling, SEM has evolved into a family of related but methodologically distinct tech-
niques. Two estimation traditions dominate contemporary applied research: co-
variance-based SEM (CB-SEM), most commonly implemented in software such 
as AMOS, LISREL, and Mplus, and variance-based, or partial least squares, SEM 
(PLS-SEM), most commonly implemented in SmartPLS or WarpPLS (Hair et al., 
2019b; Sarstedt et al., 2017). Although both approaches share the same concep-
tual foundation of relating latent constructs to their indicators and to one an-
other, they differ substantially in their statistical objectives, distributional as-
sumptions, sample size requirements, and, critically for applied researchers, the 
criteria used to judge whether an estimated model is acceptable (Hair et al., 
2019b). 

A recurring difficulty for graduate students and novice researchers is that the 
evaluation criteria developed for CB-SEM are not appropriate for PLS-SEM, and 
vice versa, yet these criteria are frequently confused or misapplied in student the-
ses and even in published research (Hair et al., 2019b; Henseler et al., 2015). The 
purpose of this article is therefore twofold: first, to provide a clear, citation-sup-
ported explanation of what SEM is and how CB-SEM and PLS-SEM differ; and 
second, to consolidate, in tabular form, the goodness-of-fit, normality, and valid-
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ity/reliability criteria recommended for each approach, together with their ac-
cepted threshold values. In addition, the article outlines how each approach esti-
mates and assesses mediation and moderation, how formative measurement mod-
els should be evaluated, and what SEM results can and cannot establish about 
causal effects. The article is written primarily as a teaching and reference resource 
for social science researchers and students who are approaching SEM for the first 
time, or who need a single, well-referenced source to guide model evaluation and 
reporting. 

2. What Is Structural Equation Modeling? 

Structural equation modeling is a family of multivariate statistical techniques that 
combines elements of factor analysis and multiple regression analysis to estimate 
a network of relationships between measured (observed) variables and unmeas-
ured (latent) constructs (Byrne, 2016; Hair et al., 2019a). A latent construct, such 
as job satisfaction, quality of life, or social trust, cannot be observed or measured 
directly; instead, it is inferred from a set of observed indicators (also called items 
or manifest variables) that are assumed to reflect, or in some cases form, the un-
derlying construct (Kline, 2015). 

A complete SEM specification generally consists of two interrelated sub-models 
(Hair et al., 2019a; Kline, 2015). The measurement model specifies the relation-
ships between each latent construct and its observed indicators. It is conceptually 
equivalent to a confirmatory factor analysis (CFA) and allows the researcher to 
assess how well the chosen indicators represent their intended latent constructs 
before proceeding to test substantive hypotheses (Byrne, 2016). The structural 
model specifies the hypothesized directional or non-directional relationships 
among the latent constructs themselves, analogous to a system of simultaneous 
regression equations. Constructs that only receive paths from other constructs are 
termed endogenous, while constructs that only send paths to other constructs are 
termed exogenous (Kline, 2015). 

Although the paths in a structural model are drawn as single-headed arrows 
and are commonly described as “effects,” their direction is an assumption that the 
researcher specifies on theoretical grounds; it is not something that the estimation 
procedure discovers or tests. A model that fits the data well, or that yields statisti-
cally significant path coefficients, shows only that the data are consistent with the 
hypothesized structure, and equivalent models with reversed or rearranged paths 
will often reproduce the data equally well (MacCallum et al., 1993). This limitation 
is particularly important in the social sciences, where most SEM applications rely 
on observational, and frequently cross-sectional, survey data. In such studies, path 
coefficients estimate associations conditional on the model’s assumptions; inter-
preting them as causal effects additionally requires that the cause precedes the 
effect, that relevant confounders have been measured and modeled, and that the 
hypothesized direction is correct. These conditions must be justified by the re-
search design and by theory rather than by SEM itself (Antonakis et al., 2010; 
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Bollen & Pearl, 2013; Kline, 2015). Unless the design supports stronger claims, for 
example through random assignment, longitudinal panel data, or valid instru-
mental variables, researchers should describe directional paths in associational 
terms (e.g., “is positively associated with” or “predicts”) rather than as evidence 
that one construct “causes” or “leads to” another. 

Because SEM estimates the measurement and structural components simulta-
neously, it explicitly separates random measurement error from the true relation-
ships among constructs, which is a key advantage over path analysis performed 
on composite or observed scores alone (Hair et al., 2019a). This property makes 
SEM particularly well suited to social science research, where constructs of inter-
est are almost always latent and are measured with survey items subject to both 
random and systematic error (Kline, 2015). 

Two broad estimation traditions have emerged for fitting SEM models to data. 
Covariance-based SEM (CB-SEM), rooted in the work of Jöreskog (1969) and im-
plemented through maximum-likelihood estimation, seeks parameter estimates 
that minimize the discrepancy between the observed sample covariance matrix 
and the covariance matrix implied by the specified model (Byrne, 2016). Partial 
least squares SEM (PLS-SEM), rooted in Wold’s (1982) soft-modeling tradition 
and popularized by Chin (1998) and Hair et al. (2019b), instead uses an iterative, 
component-based (ordinary least squares) algorithm that maximizes the ex-
plained variance of endogenous constructs.  

3. Difference between CB-SEM and PLS-SEM 

Although CB-SEM and PLS-SEM are both referred to as “structural equation 
modeling,” they rest on different statistical logics and are suited to different re-
search objectives (Hair et al., 2019b). CB-SEM is fundamentally a covariance-fit-
ting, theory-confirmation technique. Because it evaluates how closely the model-
implied covariance matrix reproduces the observed covariance matrix, it produces 
a set of global goodness-of-fit statistics that indicate whether the overall model is 
consistent with the data (Hu & Bentler, 1999). CB-SEM assumes multivariate nor-
mality of the observed indicators, generally requires a comparatively larger sample 
size for stable maximum-likelihood estimation, and is best suited to well-estab-
lished theoretical models in which the researcher wishes to confirm or disconfirm 
a specific covariance structure (Byrne, 2016; Hair et al., 2019a). 

PLS-SEM, in contrast, is a prediction-oriented, variance-maximizing tech-
nique. Because it does not rely on a common-factor model or on covariance re-
production, PLS-SEM does not produce a single chi-square-based test of overall 
model fit; instead, model quality is assessed through a series of measurement and 
structural model criteria focused on reliability, validity, and predictive power 
(Hair et al., 2019b). PLS-SEM makes minimal distributional assumptions, per-
forms well with smaller sample sizes and more complex models involving many 
constructs and indicators, and can accommodate both reflective and formative 
measurement models, whereas CB-SEM handles formative constructs only with 
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considerable additional constraints (Chin, 1998; Hair et al., 2019b). The main dif-
ferences between the two approaches are summarized in Table 1. 

 
Table 1. Comparison of covariance-based SEM and partial least squares SEM. 

Criterion CB-SEM PLS-SEM 

Statistical objective 
Theory testing/confirmation; reproduces the 

observed covariance matrix 
Theory building/prediction; maximizes explained 

variance (R2) of endogenous constructs 

Underlying model Common factor model Composite/component-based model 

Estimation method Maximum likelihood (typically) 
Iterative ordinary least squares (partial least 

squares algorithm) 

Distributional 
assumption 

Assumes multivariate normality 
Distribution-free (non-parametric); robust to 

non-normal data 

Typical minimum 
sample size 

Larger samples generally required for stable 
estimation (often > 200) 

Performs well with smaller samples; handles 
complex models with modest samples 

Model complexity 
Estimation difficulty increases sharply with many 

constructs/indicators 
Handles complex models with many constructs 

and indicators efficiently 

Indicator type 
Primarily reflective; formative indicators require 

special handling 
Readily handles both reflective and formative 

indicators 

Global model fit 
Provides chi-square and global fit indices (CFI, 

RMSEA, RMR, etc.) 
No single global fit test; approximate fit measures 

have been proposed 

Typical software AMOS, LISREL, Mplus, EQS SmartPLS, WarpPLS, ADANCO, R packages 

Best suited for 
Confirming/testing well-developed theory; strict 

hypothesis testing 
Exploratory research, prediction, complex models, 

formative constructs, early-stage theory 

Note. Adapted from guidance in Chin (1998), Hair et al. (2019b), Jöreskog (1969), and Wold (1982). 

 
In practice, the choice between CB-SEM and PLS-SEM should be guided by the 

research objective rather than by convenience or software familiarity. Hair et al. 
(2019b) recommend CB-SEM when the research goal is theory confirmation and 
the model is grounded in well-developed theory, and PLS-SEM when the goal is 
theory development, prediction, or exploratory analysis, especially under condi-
tions of small sample sizes, non-normal data, formative measurement, or highly 
complex models. Sarstedt et al. (2017) similarly emphasize that PLS-SEM should 
not be viewed merely as a “fallback” option for CB-SEM but as a distinct method-
ological choice suited to prediction-oriented research questions. 

4. Evaluating CB-SEM Models 

Because CB-SEM produces a model-implied covariance matrix that can be di-
rectly compared with the observed covariance matrix, its evaluation is organized 
around three broad categories of statistics: goodness-of-fit indices, which assess 
how well the overall model reproduces the observed data; normality diagnostics, 
which check whether the assumptions of maximum-likelihood estimation are 
met; and reliability/validity measures, which assess the quality of the measure-
ment model (Byrne, 2016; Hair et al., 2019a; Kline, 2015). 
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4.1. Goodness-of-Fit Measures in CB-SEM  

AMOS, the most widely used CB-SEM software package, presents its Model Fit 
Summary in ten output blocks: CMIN (chi-square statistics), RMR/GFI, Baseline 
Comparisons, Parsimony-Adjusted Measures, NCP, FMIN, RMSEA, information 
criteria (AIC-family), ECVI, and HOELTER (Hooper et al., 2008). These indices 
are conventionally classified into absolute fit indices, which assess how well the 
specified model reproduces the observed covariance matrix without reference to 
a baseline model; incremental (comparative) fit indices, which compare the fit of 
the specified model to a null/independence model; parsimony fit indices, which 
adjust fit statistics for model complexity; and information-theoretic/sample-ade-
quacy indices, which are used for comparing competing models or checking sam-
ple size sufficiency (Bagozzi & Yi, 1988; Hu & Bentler, 1999). Table 2 lists the 
indices produced by AMOS’s default Model Fit Summary, together with their rec-
ommended threshold values.  

 
Table 2. Goodness-of-fit indices reported by AMOS, with recommended values. 

Index Recommended value Source 

Chi-square (CMIN), df, p 
Non-significant p > 0.05 is ideal but rarely attained 

with large samples; reported for transparency alongside 
other indices 

Jöreskog (1969); Hooper et 
al. (2008) 

Normed chi-square (CMIN/DF) ≤3.00 (good); ≤5.00 (acceptable) 
Kline (2015); Hooper et al. 

(2008) 

Root Mean Square Residual (RMR) 

No universal cutoff: RMR is expressed in the units of 
the observed variables, so its size depends on their 

measurement scales (0 = perfect fit; smaller is better 
relative to those scales). For a scale-free criterion, use 
the standardized RMR (SRMR ≤ 0.08), which AMOS 
reports only through its Standardized RMR plugin. 

Hooper et al. (2008); Kline 
(2015) 

Goodness-of-Fit Index (GFI) ≥0.95 (good); ≥0.90 (acceptable) 
Jöreskog & Sörbom (1984); 

Hooper et al. (2008) 

Adjusted GFI (AGFI) ≥0.90 Jöreskog & Sörbom (1984) 

Parsimony GFI (PGFI) >0.50 (used comparatively across competing models) Byrne (2016) 

Normed Fit Index (NFI) ≥0.95 (good); ≥0.90 (acceptable) Bentler & Bonett (1980) 

Relative Fit Index (RFI) ≥0.90 (values closer to 1 preferred) 
Bollen (1989); Hooper et al. 

(2008) 

Incremental Fit Index (IFI) ≥0.95 (good); ≥0.90 (acceptable) Bollen (1989) 

Tucker-Lewis Index (TLI) ≥0.95 (good); ≥0.90 (acceptable) Hu & Bentler (1999) 

Comparative Fit Index (CFI) ≥0.95 (good); ≥0.90 (acceptable) 
Hu & Bentler (1999); Bentler 

(1990) 

Parsimony Ratio (PRATIO) 
Reported for context; used to compute PNFI/PCFI 

rather than judged alone 
Byrne (2016) 

Parsimony NFI (PNFI) >0.50 Byrne (2016) 

Parsimony CFI (PCFI) >0.50 Byrne (2016) 
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Continued  

Non-Centrality Parameter (NCP), 
with 90% CI 

Closer to 0 is better; used mainly to compare 
nested/competing models 

Hooper et al. (2008) 

Minimum discrepancy function 
(FMIN), with F0 

Closer to 0 is better Hooper et al. (2008) 

Root Mean Square Error of 
Approximation (RMSEA) 

≤0.06 (good); ≤0.08 (acceptable) 
Hu & Bentler (1999);  

Steiger (1990) 

RMSEA 90% CI (LO90, HI90) and 
PCLOSE 

HI90 upper bound < 0.10; PCLOSE (test of close fit) > 
0.05 

Browne & Cudeck (1993) 

Akaike Information Criterion 
(AIC) 

Lower value indicates better relative fit among 
competing, non-nested models 

Akaike (1987) 

Browne-Cudeck Criterion (BCC) Lower value preferred; adjusts AIC for sample size Browne & Cudeck (1989) 

Bayesian Information Criterion 
(BIC) 

Lower value preferred; imposes a stronger complexity 
penalty than AIC 

Byrne (2016) 

Consistent AIC (CAIC) Lower value preferred Bozdogan (1987) 

Expected Cross-Validation Index 
(ECVI) 

Lower value preferred, relative to the saturated and 
independence models’ ECVI 

Browne & Cudeck (1989) 

Hoelter’s critical N (.05 and .01) 
≥200 indicates the sample is adequate for the model at 

the given significance level 
Hoelter (1983) 

 
It is important to note that Hu and Bentler’s (1999) widely cited cutoff values, 

while highly influential, were derived under specific simulation conditions and 
should be interpreted as general guidelines rather than rigid pass/fail rules (Kline, 
2015). In practice, researchers rarely report all of AMOS’s fit indices in a single 
manuscript; rather, they select a small, complementary combination, typically 
CMIN/DF, one incremental index (e.g., CFI or TLI), and RMSEA with its confi-
dence interval, often alongside RMR, while the remaining indices (e.g., AIC, 
ECVI, Hoelter’s N) are reserved for comparing alternative or nested models rather 
than for judging a single model in isolation (Hooper et al., 2008; Hu & Bentler, 
1999; Kline, 2015). Fit criteria should ideally be established a priori rather than 
selected post hoc. 

4.2. Normality Measures in CB-SEM 

Because CB-SEM’s default maximum-likelihood estimator assumes multivariate 
normality of the observed indicators, researchers are expected to assess normality 
before interpreting chi-square-based fit statistics and standard errors (Kline, 
2015). Table 3 summarizes the commonly used univariate and multivariate nor-
mality diagnostics. 

Mardia’s (1970) multivariate kurtosis coefficient is interpreted relative to its ex-
pected value under multivariate normality, p(p + 2), where p denotes the number 
of observed indicator variables included in the model; for example, with p = 10 
indicators, the expected kurtosis coefficient under normality is 10(10 + 2) = 120. 
Software such as AMOS reports the observed coefficient alongside a normalized 
estimate (critical ratio) that tests the statistical significance of the deviation be-
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tween the observed value and this p(p + 2) expectation (Mardia, 1970; Byrne, 
2016). Because this critical ratio is interpreted as an approximately standard nor-
mal (z) statistic, an absolute value greater than 1.96 already indicates a statistically 
significant departure from multivariate normality at the .05 level, and a value near 
5.00 represents a highly significant departure. Values greater than 5.00 are con-
ventionally treated as indicating data that are non-normally distributed (Byrne, 
2016). The 5.00 value should therefore be understood as a rough marker of severe 
non-normality, below which researchers sometimes judge maximum-likelihood 
estimation to be tolerably robust, and not as evidence that the data are multivari-
ate normal. Because the test becomes very sensitive in large samples, its result 
should be read alongside the size of the kurtosis coefficient relative to p(p + 2) and 
the univariate diagnostics, and robust estimation is advisable whenever non-nor-
mality is in doubt (Kline, 2015). 

 
Table 3. Recommended normality diagnostics for CB-SEM. 

Measure Recommended value Source 

Univariate skewness 
Absolute value < 3 (values > 3 indicate extreme skewness); a stricter guideline 

of <2 is also used 
Kline (2015); 

West et al. (1995) 

Univariate kurtosis 
Absolute value < 10 (values > 20 indicate severe kurtosis); a stricter guideline of 

<7 is also used 
Kline (2015); 

West et al. (1995) 

Mardia’s multivariate 
skewness coefficient 

Value close to 0 indicates multivariate normality; evaluated via its associated 
significance test 

Mardia (1970); 
Byrne (2016) 

Mardia’s multivariate 
kurtosis coefficient 

Under multivariate normality, the expected value of the coefficient is p(p + 2), 
where p is the number of observed indicator variables in the model 

Mardia (1970); 
Byrne (2016) 

Mardia’s multivariate 
kurtosis 

(normalized/critical-
ratio estimate) 

Interpreted as a z statistic testing the null hypothesis of multivariate normality: 
|c.r.| > 1.96 indicates a significant departure at p < 0.05; values > 5.00 are 

conventionally treated as indicating non-normal data. A value below 5.00 is not 
evidence of normality; it only falls below this conventional severity heuristic 

Mardia (1970); 
Byrne (2016) 

 
When indicators substantially violate multivariate normality, researchers com-

monly apply robust or scaled estimation methods (e.g., Satorra-Bentler correc-
tions), bootstrap-based standard errors, or consider whether a distribution-free 
approach such as PLS-SEM is more appropriate for the data at hand (Hair et al., 
2019a; Kline, 2015). 

4.3. Reliability and Validity Measures in CB-SEM 

Prior to interpreting the structural model, researchers using CB-SEM must es-
tablish that the measurement model demonstrates adequate reliability and va-
lidity (Hair et al., 2019a). Table 4 presents the most commonly reported criteria. 

Convergent validity is established when indicators of the same construct 
share a high proportion of variance, typically evidenced by AVE values of at 
least .50, meaning the construct explains more than half of the variance in its 
indicators (Fornell & Larcker, 1981). Discriminant validity, which confirms that 
a construct is empirically distinct from other constructs in the model, is tradi-
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tionally assessed using the Fornell-Larcker (Fornell & Larcker, 1981) criterion: 
the square root of each construct’s AVE should exceed its correlations with all 
other constructs in the model. 

 
Table 4. Recommended reliability and validity criteria for CB-SEM. 

Measure Type Recommended value Source 

Cronbach’s alpha (α) 
Internal consistency 

reliability 
≥0.70 

Nunnally & Bernstein 
(1994) 

Composite/construct 
reliability (CR) 

Internal consistency 
reliability 

≥0.70 
Fornell & Larcker (1981); 

Hair et al. (2019a) 

Standardized factor loadings Indicator (item) reliability ≥0.50, ideally ≥ 0.70 Hair et al. (2019a) 

Average Variance Extracted 
(AVE) 

Convergent validity ≥0.50 Fornell & Larcker (1981) 

Fornell-Larcker criterion 
(√AVE vs. inter-construct 

correlations) 
Discriminant validity 

√AVE for each construct exceeds 
its correlations with all other 

constructs 
Fornell & Larcker (1981) 

5. Evaluating PLS-SEM Models 

Because PLS-SEM does not rely on covariance reproduction, it is evaluated us-
ing a systematic two-step process that first assesses the measurement (outer) 
model and then the structural (inner) model, rather than a single global fit sta-
tistic (Hair et al., 2019b). This section summarizes the criteria recommended for 
each step. 

5.1. Reliability and Validity in PLS-SEM: Reflective Measurement  
Models 

Table 5 summarizes the criteria recommended for assessing the reliability and 
validity of reflective measurement models in PLS-SEM. Formative measurement 
models require a different set of criteria, which are discussed in Section 5.2. 

 
Table 5. Recommended reflective measurement model criteria for PLS-SEM. 

Measure Type Recommended value Source 

Indicator (outer) loadings Indicator reliability 
≥0.7 (indicator explains > 50% of its 

variance); loadings of 0.40 - 0.70 retained only 
if removal does not improve AVE/CR 

Hair et al. (2019b) 

Cronbach’s alpha (α) 
Internal consistency 

reliability 
≥0.70 (0.60 - 0.70 deemed acceptable in 

exploratory research) 
Hair et al. (2019b); Nunnally 

& Bernstein (1994) 

rho_A (Dijkstra-Henseler 
reliability coefficient) 

Internal consistency 
reliability 

≥0.70 Dijkstra & Henseler (2015) 

Composite reliability 
(CR, ρc) 

Internal consistency 
reliability 

≥0.70 (0.60 - 0.70 acceptable in exploratory 
research); values > 0.95 may indicate item 

redundancy 
Hair et al. (2019b) 
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Continued  

Average Variance 
Extracted (AVE) 

Convergent validity ≥0.50 
Fornell & Larcker (1981);  

Hair et al. (2019b) 

Fornell-Larcker criterion 
Discriminant 

validity 
√AVE for each construct exceeds its 
correlations with other constructs 

Fornell & Larcker (1981) 

Heterotrait-Monotrait 
ratio (HTMT) 

Discriminant 
validity 

<0.85 (strict); <0.90 acceptable for 
conceptually similar constructs 

Henseler et al. (2015) 

 
Hair et al. (2019b) note that the Fornell-Larcker criterion, while historically 

dominant, performs poorly at detecting discriminant validity problems under cer-
tain conditions, and recommend supplementing or replacing it with the hetero-
trait-monotrait ratio of correlations (HTMT), which compares the average corre-
lations of indicators across constructs measuring different constructs to the aver-
age correlations of indicators within the same construct (Henseler et al., 2015). 
An HTMT value below 0.85 provides strong evidence of discriminant validity, 
while values below 0.90 are considered acceptable when the constructs being com-
pared are conceptually more similar to one another (Henseler et al., 2015). 

5.2. Assessing Formative Measurement Models in PLS-SEM 

In a formative measurement model, the indicators are assumed to jointly define, or 
form, the construct rather than to reflect it, as when socioeconomic status is formed 
from income, education, and occupational prestige. The choice between reflective 
and formative specification should be made on theoretical grounds before estima-
tion, because misspecifying a formative construct as reflective, or vice versa, can 
substantially bias structural estimates (Jarvis et al., 2003). Because formative indi-
cators need not be correlated with one another and are not interchangeable, the re-
flective criteria in Table 5, namely internal consistency reliability (α, rho_A, and 
CR), AVE, the Fornell-Larcker criterion, and HTMT, are not meaningful for form-
ative constructs and should not be reported for them (Diamantopoulos & Winklho-
fer, 2001; Hair et al., 2019b). Instead, Hair et al. (2019b) recommend assessing form-
ative measurement models in three steps, covering convergent validity, indicator 
collinearity, and the statistical significance and relevance of the indicator weights, 
all of which presuppose that content validity was established when the indicators 
were selected. Table 6 summarizes these criteria. 

Removing a formative indicator changes the conceptual meaning of the con-
struct, so indicators should not be deleted on statistical grounds alone (Cenfetelli 
& Bassellier, 2009; Diamantopoulos & Winklhofer, 2001). High indicator colline-
arity, by contrast, inflates the standard errors of the weights and can produce 
counterintuitive weight signs; it is usually addressed by merging or removing con-
ceptually redundant indicators. Formative constructs can also be specified in CB-
SEM, but identification normally requires the formative construct to emit paths 
to at least two reflectively measured variables, as in multiple indicators, multiple 
causes (MIMIC) specification. This additional complexity is one reason why 
PLS-SEM is often preferred when a model contains several formative constructs 
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(Diamantopoulos & Winklhofer, 2001; Jarvis et al., 2003). 
 

Table 6. Recommended criteria for formative measurement models in PLS-SEM. 

Measure Type Recommended value Source 

Content validity 
Domain 
coverage 

Indicators jointly capture all major facets of 
the construct’s domain, established from 
theory, literature, and expert judgment 

before data collection 

Diamantopoulos & 
Winklhofer (2001) 

Redundancy analysis 
(formative construct → 

alternative reflective or global 
single-item measure of the 

same construct) 

Convergent 
validity 

Path coefficient ≥ 0.70 (the formative 
construct explains at least about 50% of the 

variance of the alternative measure) 

Chin (1998); Cheah et al. 
(2018); Hair, Risher et al. 

(2019b) 

Indicator variance inflation 
factor (VIF) 

Indicator 
collinearity 

<5.00 (ideally < 3); higher values signal 
critical collinearity among the formative 

indicators 

Hair, Risher et al. (2019b); 
Diamantopoulos & Siguaw 

(2006) 

Outer weights 
Relative 
indicator 

contribution 

Significant, i.e., bootstrap 95% confidence 
interval excludes zero (typically 5000 

subsamples) 
Hair, Risher et al. (2019b) 

Outer loadings of formative 
indicators 

Absolute 
indicator 

contribution 

If a weight is non-significant, retain the 
indicator when its loading is ≥0.50 or 

significant; consider removal only when the 
loading is also low and non-significant and 

content validity is not compromised 

Cenfetelli & Bassellier 
(2009); Hair, Risher et al. 

(2019b) 

α, rho_A, CR, AVE, Fornell-
Larcker, HTMT 

Not applicable 
Not meaningful for formative constructs and 

should not be reported for them 

Diamantopoulos & 
Winklhofer (2001);  
Hair et al. (2019b) 

5.3. Goodness-of-Fit (Model Fit) Measures in SmartPLS 

For much of its history, PLS-SEM was considered a method without a model fit 
test, since it does not minimize a discrepancy function between an observed and 
model-implied covariance matrix (Henseler et al., 2014). In response to demand 
for fit diagnostics comparable to CB-SEM, SmartPLS now generates a dedicated 
“Model Fit” report alongside the standard PLS algorithm and PLSc (consistent 
PLS) results, comprising six measures: SRMR, the unweighted least squares dis-
crepancy (d_ULS), the geodesic discrepancy (d_G), Chi-square, the Normed Fit 
Index (NFI), and, for composite-consistent (PLSc) estimation, RMS_theta (Dijks-
tra & Henseler, 2015; Henseler et al., 2014). Each measure is reported for both the 
saturated model, in which all constructs are allowed to correlate freely, and the 
estimated model, which imposes the researcher’s hypothesized structural paths. 
Table 7 summarizes these six SmartPLS model fit indices. 

Hair et al. (2019b) and Henseler et al. (2014) caution that these fit measures 
were adapted from the CB-SEM tradition and remain more contested for PLS-
SEM: because PLS-SEM optimizes prediction rather than covariance reproduc-
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tion, a low SRMR or a passed d_ULS/d_G exact-fit test does not guarantee a the-
oretically meaningful or predictively useful model, and a comparatively higher 
value does not necessarily invalidate one. For this reason, SmartPLS model fit in-
dices are generally reported as a complement to, rather than a substitute for, the 
measurement-model criteria in Tables 5-6 and the prediction-oriented structural 
criteria in Table 8 (Hair et al., 2019b). 

 
Table 7. Goodness-of-fit (Model Fit) indices reported by SmartPLS. 

Index What it assesses Recommended value Source 

Standardized 
Root Mean 

Square Residual 
(SRMR) 

Average discrepancy between the 
observed and model-implied 

correlation matrix (saturated and 
estimated models) 

<0.08 (some sources tolerate < 0.10); 
reported for both saturated and 

estimated models 

Hu & Bentler 
(1999); Henseler et 
al. (2014); Hair et 

al. (2019b) 

Unweighted L2 
distance (d_ULS) 

Squared Euclidean distance between 
the observed and model-implied 

correlation matrix 

Exact-fit test: model supported if the 
original d_ULS value falls below the 95% 
(HI95) or 99% (HI99) bootstrap quantile 

Dijkstra & Henseler 
(2015); Henseler et 

al. (2014) 

Geodesic distance 
(d_G) 

Geodesic discrepancy between the 
observed and model-implied 

correlation matrix 

Exact-fit test: model supported if the 
original d_G value falls below the 95% 

(HI95) or 99% (HI99) bootstrap quantile 

Dijkstra & Henseler 
(2015); Henseler et 

al. (2014) 

Chi-square (χ2) 
Discrepancy statistic reported for 

reference, analogous to the CB-SEM 
chi-square 

No fixed cutoff in PLS-SEM; lower values 
indicate closer correspondence between 

matrices; interpreted cautiously 

Henseler et al. 
(2014) 

Normed Fit Index 
(NFI) 

Proportional improvement in fit 
relative to a null/independence model 

≥0.90 (values closer to 1 preferred); 
reported for saturated and estimated 

models 

Bentler & Bonett 
(1980); Henseler et 

al. (2014) 

RMS_theta 
(composite/PLSc 

models only) 

Degree of correlation among the outer 
residuals of a composite/reflective 

measurement model 

<0.12 indicates a well-fitting 
measurement model 

Henseler et al. 
(2014) 

5.4. Explanatory and Predictive Power in PLS-SEM 

Beyond the model fit indices above, structural model quality in PLS-SEM is assessed 
using a set of complementary, prediction-oriented criteria addressing collinearity, 
explanatory power, effect size, predictive relevance, out-of-sample predictive power, 
and path significance (Hair et al., 2019b). Table 8 summarizes these criteria. 

 
Table 8. Recommended structural model criteria for PLS-SEM. 

Measure Purpose Recommended value Source 

Variance Inflation 
Factor (VIF) 

Collinearity diagnostic among 
predictor constructs 

<5.00 (ideally < 3) 
Hair et al. (2019b); 
Diamantopoulos & 

Siguaw (2006) 

Coefficient of 
determination (R2) 

Explanatory/in-sample predictive 
power of endogenous constructs 

0.75 = substantial; 0.50 = 
moderate; 0.25 = weak 

Hair et al. (2019b); cf. 
Chin (1998): 0.67 = 
substantial; 0.33 = 

moderate; 0.19 = weak 
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Continued  

Effect size (f2) 
Contribution of each exogenous 

construct to the R2 of an endogenous 
construct 

0.02 = small; 0.15 = medium; 
0.35 = large 

Cohen (1988) 

Predictive relevance 
(Q2), via blindfolding 

Predictive relevance assessed by 
omitting and imputing individual data 
points within the estimation sample; 

blends in-sample explanatory and 
predictive power and is not a test on 

held-out cases 

Q2 > 0 indicates predictive 
relevance 

Stone (1974); Geisser 
(1974); Hair et al. 

(2019b) 

PLSpredict ( 2
predictQ , 

RMSE/MAE) 

Out-of-sample predictive power, 
assessed on held-out observations via 
k-fold cross-validation (typically k = 

10) 

2
predictQ 0> ; RMSE (or MAE) 

lower than the linear model 
(LM) benchmark for all, the 

majority, a minority, or none of 
the indicators = high, medium, 

low, or no predictive power 

Shmueli et al. (2016, 
2019) 

Path coefficients (β) 
and significance 

Strength/significance of hypothesized 
structural relationships 

Significant at p < 0.05 (two-
tailed), assessed via 

bootstrapping (typically 5000 
subsamples) 

Hair et al. (2019b) 

 
Because PLS-SEM parameter estimates are not based on a distributional as-

sumption, significance testing of path coefficients and other parameters is con-
ducted using nonparametric bootstrapping, typically with 5000 subsamples, ra-
ther than the asymptotic standard errors used in CB-SEM (Hair et al., 2019b). The 
Q2 value obtained through blindfolding should not be described as a measure of 
out-of-sample prediction. Blindfolding omits individual data points, imputes 
them, and re-estimates the model using the remaining data from the same sample, 
so the cases whose values are predicted also contribute to estimating the model. 
Q2 therefore blends in-sample explanatory power with predictive relevance rather 
than demonstrating how well the model predicts new observations (Hair et al., 
2019b; Shmueli et al., 2016). Genuine out-of-sample prediction requires predic-
tions for observations that were held out of model estimation. The PLSpredict 
procedure achieves this through k-fold cross-validation: the sample is split into k 
subsets (typically 10), the model is estimated on k − 1 subsets, and the indicators 
of the endogenous constructs are predicted for the held-out subset, rotating until 
every case has been predicted once (Shmueli et al., 2016, 2019). The results are 
interpreted against two benchmarks. Q2

predict values above zero indicate that the 
model’s predictions outperform the naive benchmark of the training-sample in-
dicator means, and the root mean squared error (RMSE), or the mean absolute 
error (MAE) when prediction errors are highly non-symmetric, is compared with 
that of a linear regression model (LM) benchmark. The model has high, medium, 
low, or no predictive power when it produces lower prediction errors than the LM 
benchmark for all, the majority, a minority, or none of the indicators, respectively 
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(Shmueli et al., 2019). 

6. Mediation and Moderation in CB-SEM and PLS-SEM 

Many social science models go beyond direct effects to ask how an effect is trans-
mitted (mediation) or under what conditions it holds (moderation). Both CB-
SEM and PLS-SEM can estimate such models, but they differ in how indirect and 
conditional effects are specified, estimated, and assessed. Because mediation de-
scribes a causal process, the caution in Section 2 about the causal interpretation of 
directional paths applies with particular force; in cross-sectional data, estimates of 
indirect effects can be substantially biased relative to the longitudinal processes 
they are meant to represent (Maxwell & Cole, 2007). 

6.1. Mediation Analysis 

In a simple mediation model, the indirect effect of a predictor X on an outcome Y 
through a mediator M is the product of the X → M path (a) and the M → Y path 
(b); the direct effect (c') is the X → Y path controlling for M, and the total effect is 
the sum of the direct and indirect effects. Contemporary guidance has moved 
away from Baron and Kenny’s (1986) causal-steps procedure, which does not test 
the indirect effect itself, and from the Sobel test, which assumes that the product 
a × b is normally distributed, an assumption that rarely holds. Instead, the indirect 
effect is tested directly using bootstrap confidence intervals: mediation is sup-
ported when the 95% confidence interval for a × b excludes zero, and a significant 
total effect of X on Y is not a prerequisite (Preacher & Hayes, 2008; Zhao et al., 
2010). Following Zhao et al. (2010), results can then be classified as complemen-
tary or competitive partial mediation (direct and indirect effects both significant, 
with the same or opposite signs), indirect-only (full) mediation (only the indirect 
effect significant), direct-only non-mediation, or no-effect non-mediation. 

In CB-SEM, mediators are modeled as latent constructs within the full structural 
model, which corrects the a and b paths for measurement error and so avoids the 
attenuation that affects regression-based mediation analysis with composite scores 
(Kline, 2015). Model fit is evaluated as usual with the indices in Table 2, and alter-
native specifications, such as a model in which the direct path is constrained to zero, 
can be compared with a chi-square difference test. In AMOS, total, direct, and indi-
rect effects are requested in the output and tested by enabling bootstrapping with 
percentile or bias-corrected confidence intervals; specific indirect effects in models 
with several mediators require user-defined estimands (Byrne, 2016). In PLS-SEM, 
the same logic applies without a global fit assessment: specific and total indirect ef-
fects are computed from the path estimates and tested with the same bootstrapping 
procedure (typically 5000 subsamples) used for the other structural paths, and the 
Zhao et al. (2010) typology is used to characterize the type of mediation (Hair et al., 
2019b; Nitzl et al., 2016). In both approaches, the measurement models of all con-
structs involved, including the mediators, should meet the criteria in Sections 4.3 or 
5.1 - 5.2 before indirect effects are interpreted. 
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6.2. Moderation Analysis 

Moderation occurs when the strength or direction of the relationship between 
X and Y depends on a third variable, the moderator W. When the moderator is 
categorical (e.g., gender or country), moderation is commonly examined with 
multigroup analysis. In CB-SEM, multigroup analysis first establishes measure-
ment invariance across groups, testing configural, metric (equal loadings), and, 
where latent means are compared, scalar (equal intercepts) invariance, and then 
tests whether a structural path differs between groups by comparing a model in 
which that path is constrained to be equal across groups with an unconstrained 
model using a chi-square difference test (Byrne, 2016). In PLS-SEM, the analo-
gous procedure first assesses invariance using the measurement invariance of 
composites (MICOM) procedure and then compares group-specific path coef-
ficients with permutation or bootstrap-based multigroup tests (Henseler et al., 
2016). 

When the moderator is continuous, an interaction term between the latent pre-
dictor and the latent moderator is added to the model. In CB-SEM, latent interac-
tions are estimated either with product-indicator approaches, in which products 
of the (mean-centered) indicators of the two constructs serve as indicators of the 
latent interaction (Kenny & Judd, 1984; Marsh et al., 2004), or with distribution-
analytic methods such as latent moderated structural equations (LMS), which ac-
count for the non-normality that interaction terms create (Klein & Moosbrugger, 
2000). LMS is available in Mplus but not in AMOS, where researchers typically 
rely on product indicators, on interactions between observed composite scores 
(which do not correct for measurement error), or on multigroup analysis. Because 
LMS does not provide the conventional fit indices listed in Table 2, an interaction 
model estimated in this way is usually evaluated by comparing it with the corre-
sponding main-effects model using a likelihood-ratio test. In PLS-SEM, interac-
tion terms are created with the product-indicator, orthogonalizing, or two-stage 
approach; the two-stage approach, which forms the interaction term from the la-
tent variable scores of a main-effects model, is generally recommended and is the 
appropriate choice when the predictor or the moderator is formatively measured 
(Becker et al., 2018; Henseler & Chin, 2010). 

In both approaches, a moderating effect is supported when the path from the 
interaction term to Y is significant, assessed with critical ratios (or likelihood-ratio 
tests) in CB-SEM and with bootstrap confidence intervals in PLS-SEM. Because 
interaction effects in social science data are typically small, the f2 of an interaction 
term should not be judged against Cohen’s (1988) conventions for main effects 
(Aguinis et al., 2005). A significant interaction should be probed and interpreted, 
for example with simple-slope plots of the X → Y relationship at low, average, and 
high levels of the moderator. When a moderator is hypothesized to alter an indi-
rect effect (moderated mediation), researchers should report the conditional in-
direct effects at selected values of the moderator together with a bootstrap confi-
dence interval for the index of moderated mediation (Hayes, 2015). 
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7. Practical Guidance for Researchers 

For researchers beginning to work with SEM, four practical recommendations 
follow from the material reviewed above. First, the choice between CB-SEM 
and PLS-SEM should be made before data collection, based on the research 
objective (theory confirmation versus prediction/theory development), the an-
ticipated sample size, the expected distribution of the data, and whether the 
measurement model includes formative indicators (Hair et al., 2019b; Sarstedt 
et al., 2017). Switching approaches after the fact simply to obtain more favora-
ble results is a questionable research practice and should be avoided (Hair et 
al., 2019b). 

Second, model evaluation should always proceed in the correct order: the meas-
urement model (reliability and validity) must be assessed and confirmed as ade-
quate before the structural model, that is, the hypothesized relationships, is inter-
preted, regardless of whether CB-SEM or PLS-SEM is used (Hair et al., 2019b). 
Reporting structural path coefficients from a measurement model with poor reli-
ability or validity produces results that cannot be meaningfully interpreted. 

Third, researchers should resist the temptation to rely on a single statistic to jus-
tify model adequacy. Methodologists consistently recommend reporting a combi-
nation of indices (for example, RMSEA together with CFI and RMR in CB-SEM, or 
AVE, HTMT, and Q2 together in PLS-SEM) and interpreting recommended thresh-
old values as general guidelines rather than rigid pass/fail rules (Hu & Bentler, 
1999; Kline, 2015; Hair et al., 2019b). Sample size, model complexity, and the 
number of indicators per construct can all influence fit statistics, and thresholds 
developed under one set of simulation conditions do not automatically generalize 
to every applied context (Kline, 2015). Ultimately, sound SEM practice combines 
statistical criteria with careful theoretical justification of the specified model 
(Byrne, 2016). 

Fourth, researchers should match the strength of their conclusions to the 
strength of their research design. As noted in Section 2, a well-fitting model and 
significant directional paths do not by themselves establish that one construct 
causes another, particularly in observational and cross-sectional studies (Antonakis 
et al., 2010; Bollen & Pearl, 2013). Hypotheses may be derived from theory and 
tested as directional relationships, but the discussion of results should acknowledge 
plausible equivalent models, reverse causation, and omitted confounders, and 
should reserve causal language for designs, such as experiments or longitudinal 
panel studies, that support it. 

8. A Note on Software and Reporting 

Researchers should also be aware that the choice of software often follows directly 
from the choice of estimation approach. CB-SEM is most commonly estimated 
using IBM SPSS Amos, LISREL, Mplus, or the lavaan package in R; AMOS in par-
ticular produces the full ten-block Model Fit Summary summarized in Table 2, 
from CMIN and RMR/GFI through Hoelter’s critical N, although SRMR, which 

https://doi.org/10.4236/jss.2026.1411008


N. A. N. J. Maduwansha 
 

 

DOI: 10.4236/jss.2026.1411008 120 Open Journal of Social Sciences 
 

Table 2 also mentions, must be requested separately through the Standardized 
RMR plugin (Byrne, 2016; Hooper et al., 2008). PLS-SEM is most commonly esti-
mated using SmartPLS, WarpPLS, ADANCO, or the seminr and plspm packages 
in R; SmartPLS in particular produces the bootstrapped measurement-model cri-
teria in Tables 5-6, the SRMR/d_ULS/d_G/Chi-square/NFI/RMS_theta model fit 
report in Table 7, and the structural-model criteria in Table 8 (Hair et al., 2019b; 
Henseler et al., 2014). Because the two families of software report different default 
statistics, researchers should confirm, before beginning analysis, that the criteria 
they intend to report are actually appropriate for the estimation method their cho-
sen software implements. 

When writing up SEM results for a thesis, dissertation, or journal submission, 
Hair et al. (2019b) recommend that authors report, at a minimum: (a) the meas-
urement model results, including indicator loadings, internal consistency reliabil-
ity, and convergent and discriminant validity statistics, with reference to the 
threshold values summarized in this article; (b) the structural model results, in-
cluding path coefficients, their significance levels, and, for CB-SEM, the full set of 
global fit indices, or, for PLS-SEM, R2, f2, and Q2 values, together with PLSpredict 
results where prediction is a study objective, and, for models with mediation or 
moderation, the bootstrapped indirect or interaction effects with their confidence 
intervals; and (c) the specific software, version, and estimation algorithm used, so 
that the analysis can be reproduced. Following a consistent, criterion-based re-
porting structure of this kind not only strengthens the methodological rigor of a 
researcher’s own research but also makes it considerably easier for examiners, re-
viewers, and readers to evaluate the credibility of the reported model (Hair et al., 
2019b; Kline, 2015). 

9. Conclusion 

Structural equation modeling offers social science researchers a powerful frame-
work for testing complex, theory-driven relationships among latent constructs 
while explicitly modeling measurement error. As this article has shown, the two 
dominant SEM traditions, covariance-based SEM and partial least squares SEM, 
rest on different statistical logics and are therefore evaluated using different, non-
interchangeable sets of criteria. CB-SEM, as implemented in AMOS, relies on a 
wide battery of global goodness-of-fit indices, including CMIN/DF, GFI/AGFI, 
the baseline-comparison indices (NFI, RFI, IFI, TLI, CFI), parsimony-adjusted 
indices, RMSEA, information criteria, and Hoelter’s critical N, alongside normal-
ity diagnostics, to confirm that a theoretically specified covariance structure ade-
quately reproduces the observed data. PLS-SEM, by contrast, is evaluated through 
a systematic assessment of measurement model reliability and validity, namely 
loadings, composite reliability, AVE, and HTMT for reflective constructs, and re-
dundancy analysis, indicator collinearity, and indicator weights for formative 
constructs, complemented by SmartPLS’s own model fit report (SRMR, d_ULS, 
d_G, Chi-square, NFI, and RMS_theta) and structural model criteria emphasizing 

https://doi.org/10.4236/jss.2026.1411008


N. A. N. J. Maduwansha 
 

 

DOI: 10.4236/jss.2026.1411008 121 Open Journal of Social Sciences 
 

explanatory and predictive power, namely R2, f2, Q2, and, for genuine out-of-sam-
ple prediction, PLSpredict. For social science researchers and students, under-
standing these distinctions and applying the correct, well-referenced threshold 
values summarized in this article, is essential not only for producing methodolog-
ically sound theses and publications, but also for critically evaluating SEM-based 
research encountered in the wider literature. Both approaches can accommodate 
mediation and moderation, provided that indirect effects are tested with bootstrap 
confidence intervals and interaction effects are specified with methods appropri-
ate to the estimator. Finally, whichever approach is chosen, the directional paths of 
a structural equation model represent theoretical assumptions rather than demon-
strated causal effects, and the conclusions drawn from them should be no stronger 
than the research design allows. 
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