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In the evolving landscape of quantitative research, Partial Least Squares Structural Equation Modeling (PLS-

SEM)has emerged as a powerhouse for analyzing complex causal relationships between observed and latent

variables. Often referred to as variance-based SEM, this method offers a flexible and robust alternative to the

traditional Covariance-Based Structural Equation Modeling (CB-SEM). As theoretical frameworks in social

sciences, marketing, and management become increasingly intricate, the necessity for a modeling technique that

can handle small sample sizes, non-normal data distributions, and highly complex model structures has never been

greater.

Partial Least Squares Structural Equation Modeling is primarily used to develop theories in exploratory research. It

does this by focusing on explaining the variance in the dependent variables of the model. Unlike CB-SEM, which

seeks to minimize the difference between the observed and estimated covariance matrices, PLS-SEM aims to

maximize the explained variance (R&sup2;) of the endogenous latent constructs. This foundational difference

dictates when and why a researcher should choose one method over the other, a decision-making process that

requires a deep understanding of the mathematical underpinnings and the practical requirements of the research

project at hand.

The Theoretical Framework of PLS-SEM

To master PLS-SEM, one must first understand the distinction between the Measurement Model (Outer Model) 

and the Structural Model (Inner Model). The measurement model defines the relationship between the latent

variables (unobserved constructs) and their indicators (observed variables). In contrast, the structural model

describes the relationships (paths) between the latent variables themselves.

Latent Variables: Reflective vs. Formative

One of the most critical steps in PLS-SEM is the specification of the measurement model. Researchers must 

decide whether their constructs are reflective or formative. In a reflective measurement model, the indicators

are seen as manifestations of the underlying construct. If the construct changes, the indicators change accordingly.

For example, a person's 'satisfaction' (latent) might be reflected in their answers to survey questions about their

happiness or likelihood to return. Indicators in reflective models are expected to be highly correlated.

Conversely, in a formative measurement model, the indicators are viewed as 'causing' or 'forming' the construct.

A construct like 'Socioeconomic Status' (SES) is formed by indicators such as income, education level, and

occupation. If education level increases, SES increases, but an increase in SES does not necessarily mean income

has increased simultaneously. Indicators in formative models do not need to be correlated; in fact, high correlation

(multicollinearity) can be problematic for formative weights estimation.

Proxy-Based Estimation

PLS-SEM is often described as a proxy-basedapproach. Instead of treating latent variables as common factors

(as in CB-SEM), PLS-SEM creates composites of the indicators to serve as proxies for the latent constructs. This



characteristic allows the method to avoid the identification issues often found in CB-SEM, particularly when models

are complex or sample sizes are small. The algorithm uses an iterative procedure that alternates between the

estimation of the measurement model and the structural model until a stable solution is reached.

Technical Analysis and the PLS Algorithm

The heart of PLS-SEM is its iterative algorithm. The process begins with an initialization phase where weights are

assigned to the indicators. These weights are then used to calculate the scores of the latent variables. The

algorithm proceeds through four main stages:

1.  Iterative Estimation of Latent Variable Scores: This stage involves an outer approximation and an inner 

approximation to refine the latent variable scores based on the relationships defined in the model.

2.  Estimation of Outer Weights/Loadings: The algorithm calculates the weights for formative indicators or 

loadings for reflective indicators.

3.  Estimation of Path Coefficients: Using the final latent variable scores, the structural model paths are 

estimated via ordinary least squares (OLS) regression.

4.  Significance Testing via Bootstrapping: Because PLS-SEM is non-parametric (it does not assume a specific 

data distribution), it relies on bootstrapping to determine the statistical significance of path coefficients, weights, 

and loadings. This involves creating thousands of sub-samples from the original data and calculating the standard 

errors of the estimates.

Mathematical Principles of Variance Maximization

The objective function of PLS-SEM is to maximize the explained variance of the endogenous latent variables. This 

is achieved by calculating the R&sup2; values. High R&sup2; values indicate that the structural model has high 

predictive power. Furthermore, the Q&sup2; value(Stone-Geisser criterion) is used to assess the predictive

relevance of the model, typically obtained via a blindfolding procedure.

Comparative Evaluation: PLS-SEM vs. CB-SEM

Choosing the correct SEM approach is vital for the validity of the research findings. The following table highlights

the technical and practical differences between PLS-SEM and CB-SEM based on the guidelines provided by Hair

et al. in the "Primer on Partial Least Squares Structural Equation Modeling."



Feature/Criterion PLS-SEM (Variance-Based) CB-SEM (Covariance-Based)

Research Objective Prediction and Theory Development 
(Exploratory)

Theory Testing and Confirmation 
(Confirmatory)

Distributional Assumptions Non-parametric (no normal 
distribution required)

Parametric (requires multivariate 
normality)

Sample Size Works well with small samples Requires larger samples for stability

Model Complexity Handles highly complex models 
(many constructs/indicators)

Limited to less complex models due 
to identification issues

Measurement Model Supports both Reflective and 
Formative indicators

Primarily supports Reflective 
indicators

Latent Variable Scores Estimated as part of the algorithm 
(Proxies)

Not explicitly estimated (Factors)

Six Essential Steps for Assessing the Structural Model

Once the measurement model has been validated (ensuring reliability and validity), researchers must assess the

structural model to test their hypotheses. According to industry standards (SmartPLS and Hair et al.), the

evaluation follows these six steps:

1. Assessing Collinearity (VIF)

Before examining the path coefficients, one must ensure that the predictor constructs in the structural model do not 

exhibit high multicollinearity. Variance Inflation Factor (VIF)values should ideally be below 3.0. VIF values above

5.0 indicate potential collinearity issues that could bias the path coefficient estimates.

2. Assessing Significance and Relevance of Path Coefficients

Path coefficients represent the hypothesized relationships between constructs. Their values range from -1 to +1.

Researchers use the bootstrapping procedure to obtain t-values and p-values. A path is typically considered

significant if the p-value is less than 0.05 (or t-value &gt; 1.96).

3. Assessing the Level of R&sup2; (Coefficient of Determination)

The R&sup2; value measures the model's explanatory power. It indicates the amount of variance in an endogenous

construct explained by all exogenous constructs linked to it. In social science research, R&sup2; values of 0.75,

0.50, and 0.25 are often described as substantial, moderate, and weak, respectively.

4. Assessing the Effect Size (f&sup2;)

The f&sup2; effect sizemeasures the contribution of an exogenous construct to an endogenous construct's

R&sup2; value. It helps determine if the omission of a specific construct has a substantive impact on the

endogenous construct. Guidelines suggest values of 0.02 (small), 0.15 (medium), and 0.35 (large).

5. Assessing Blindfolding and Predictive Relevance (Q&sup2;)

The Q&sup2; value, obtained through blindfolding, assesses the model's out-of-sample predictive power (predictive

relevance). A Q&sup2; value greater than zero indicates that the model has predictive relevance for a specific

endogenous construct.



6. Assessing Model Selection Criteria (PLSpredict)

Modern PLS-SEM applications (like SmartPLS 4) emphasize PLSpredict. This procedure uses k-fold cross-

validation to assess the model's predictive performance on a hold-out sample. Researchers compare the Root

Mean Square Error (RMSE) or Mean Absolute Error (MAE) of the PLS-SEM results against a simple linear

regression model (LM) benchmark.

Evaluating Measurement Models: Metrics and Thresholds

Reliability and validity are the cornerstones of measurement model assessment. In PLS-SEM, different criteria

apply to reflective and formative models.

Reflective Model Assessment

•  Indicator Reliability: Outer loadings should be greater than 0.708. Indicators with loadings between 0.40 and 

0.70 should be considered for removal only if their removal increases the Composite Reliability (CR).

•  Internal Consistency Reliability: Measured by Cronbach&rsquo;s Alpha and Composite Reliability (rho_A and 

rho_C). Values between 0.70 and 0.90 are generally considered good.

•  Convergent Validity: Assessed using Average Variance Extracted (AVE). An AVE of 0.50 or higher is required, 

indicating that the construct explains more than half of the variance of its indicators.

•  Discriminant Validity: This ensures that a construct is empirically distinct from other constructs. The 

Heterotrait-Monotrait Ratio (HTMT) is the modern gold standard. HTMT values should be below 0.85 (strict) or 0.90 

(liberal).

Formative Model Assessment

Formative models are assessed based on Convergent Validity (Redundancy Analysis), Collinearity (VIF), and 

the Significance and Relevance of Outer Weights. Unlike loadings, weights represent the relative contribution of

an indicator to the construct. Even if a weight is non-significant, the indicator may be retained if its loading is high

(above 0.50), as this suggests absolute importance.

Advanced PLS-SEM Applications: MGA and Mediation

The versatility of PLS-SEM extends into complex analytical scenarios such as Multigroup Analysis (MGA) and 

Mediation/Moderation analysis.

Multigroup Analysis (MGA)

MGA allows researchers to test whether the path coefficients between different groups (e.g., male vs. female, or 

high vs. low income) are significantly different. This is particularly useful for testing the generalizability of a model 

across different segments of a population. Before conducting MGA, it is crucial to perform Measurement 

Invariance of Composite Models (MICOM)to ensure that any differences found in path coefficients are not due to

differences in the measurement of the constructs themselves.

Mediation and Moderation

Mediation analysis in PLS-SEM explores the mechanism through which an independent variable influences a

dependent variable via a third 'mediator' variable. PLS-SEM is particularly adept at handling multiple mediation

models simultaneously. Moderation analysis, on the other hand, examines whether the strength or direction of a

relationship depends on the level of a 'moderator' variable (e.g., how the impact of 'service quality' on 'loyalty' might

be moderated by 'price sensitivity').

Practical Implementation Guide: Software and Reporting



Implementing PLS-SEM requires specialized software. While various options exist, two have dominated the

academic and professional landscape:

•  SmartPLS: Widely regarded as the industry standard, SmartPLS (specifically versions 3 and 4) provides a 

user-friendly graphical interface and comprehensive reporting features. It is the primary software used in the Hair et 

al. primers.

•  SEMinR: For researchers who prefer coding, SEMinR is a powerful package for the R environment. It allows 

for the automation of PLS-SEM models and provides extensive flexibility for custom analyses.

Reporting Standards

Transparency is essential when reporting PLS-SEM results. A standard report should include:A clear justification

for choosing PLS-SEM over CB-SEM.The software and version used (e.g., SmartPLS 4.1).A table of reflective

measurement model results (Loadings, CR, AVE).A table for discriminant validity (HTMT matrix).Structural model

results (Path coefficients, p-values, R&sup2;, f&sup2;, Q&sup2;).Visual representation of the final model with path

coefficients and significance levels clearly labeled.

Challenges, Troubleshooting, and Best Practices

Despite its flexibility, PLS-SEM is not a "silver bullet." Researchers must navigate several challenges to ensure the

integrity of their findings.

Common Pitfalls

•  Using PLS-SEM for Theory Confirmation: If the primary goal is to test a well-established theory with a large, 

normally distributed sample, CB-SEM remains the superior choice. PLS-SEM can over-estimate loadings and 

under-estimate path coefficients in some contexts (though the bias is often negligible).

•  Misinterpreting Non-significant Paths: In a formative model, a non-significant weight does not always mean an 

indicator is useless. It may be due to high correlation with other formative indicators.

•  Ignoring Measurement Invariance: Comparing groups without establishing MICOM can lead to "hallucinated" 

differences that are actually measurement artifacts.

Best Practices for Model Optimization

To maximize the robustness of a PLS-SEM study, experts recommend increasing the number of bootstrap samples 

(e.g., to 5,000 or 10,000) to ensure stable p-values. Additionally, researchers should always check for Unobserved 

Heterogeneityusing techniques like FIMIX-PLS or PLS-POS, which can identify if hidden segments within the

data are distorting the overall results.

The Future of PLS-SEM in Research

As computational power increases and software becomes more accessible, the boundaries of PLS-SEM continue 

to expand. The recent introduction of Consistent PLS (PLSc) bridges the gap between PLS-SEM and CB-SEM by 

providing estimates that are consistent with a common factor model. Furthermore, the integration of Predictive 

Model Assessmenttools like PLSpredict ensures that PLS-SEM remains at the forefront of the "predictive turn" in

social sciences, moving beyond mere explanation toward the generation of actionable forecasts.

Understanding the nuances of PLS-SEM&mdash;from the initial specification of reflective and formative constructs

to the advanced nuances of multigroup analysis and predictive relevance&mdash;is essential for any modern

researcher. By following the rigorous steps outlined in the seminal works of Hair, Hult, Ringle, and Sarstedt,

scholars can leverage this powerful tool to uncover deep insights within complex datasets, driving forward both

theoretical knowledge and practical application in their respective fields.
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•  Mastering the Anderson-Darling Test: A Comprehensive Technical Guide to Goodness-of-Fit and 
Normality Assessment

   URL: http://123caramba.com/anderson-darling-test-comprehensive-guide.pdf

•  A Comprehensive Guide to Statistical Measures: Mastering Mean, Median, Mode, and Range
   URL: http://123caramba.com/statistical-analysis-mean-median-mode-range-guide.pdf

•  Comprehensive Guide to Bivariate Uniform Distributions: Theoretical Frameworks, Copulas, and 
Statistical Modeling

   URL: http://123caramba.com/comprehensive-guide-bivariate-uniform-distributions.pdf

•  Mastering Asymptotic Statistics: A Comprehensive Guide to Large Sample Theory
   URL: http://123caramba.com/large-sample-theory-asymptotic-statistics-guide.pdf
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