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Positioning SEM and PLS Path Modeling
Hair et al. (2018); Malhotra (2010); Pallant (2016)

Multivariate Data Analysis Tools

Dependence 

Techniques

Interdependence 

Techniques

• AN(C)OVA

• Regression 

Analysis

• Conjoint 

Analysis

Variables Objects

Y Xi

Metric Nominal

Metric Metric

Metric Nominal

• Factor 

Analysis

• Cluster 

Analysis

• Perceptual 

Mapping
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Correlation Analysis
Hair et al. (2018); Malhotra (2010)

 The (Pearson) product moment correlation, ρ, summarizes the 

strength of association between two metric (at least interval) variables 

[-1, 1].

 Assumptions

 Metric (at least interval) variables

 Independent, random sample 

 Linearity

 (Bivariate) Normal distribution

 Homoscedasticity

 No causality!

 Outliers! 7



Correlation Analysis
Hair et al. (2018); Malhotra (2010)

 Covariance [-∞, + ∞]

 (Pearson Product-Moment) Correlation Coefficient [-1, 1]
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Correlation Analysis
Hair et al. (2018); Malhotra (2010)

 Hypotheses

 H0: correlation coefficient (ρ) = 0

 H1: correlation coefficient (ρ) ≠ 0

 Test statistic

 Effect Size (r) Effect Size (R2)

0.10 0.02 small

0.30 0.13 medium

0.50 0.26 large

2ndf
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2n
*rt
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Correlation Analysis
Hair et al. (2018); Malhotra (2010)

Correlation Analysis

X1i X2i X3i X4i

Correlation Matrix

X1i X2i X3i X4i

X1i

X2i

X3i

X4i

1

1

1

1

bivariate
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SPSS Application
TAM Data

 Data Set Data-01.sav (n=439)

 Constructs and Items
 Perceived Ease of Use (PEU, Q1-Q3)
 Perceived Usefulness (PU, Q4-Q6)
 Attitude (ATT, Q7-Q9)
 Intention (INT, Q10-Q12)

 Reliability Analysis (Coefficient )
 PEU 0.93
 PU 0.92
 ATT 0.92
 INT 0.87
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SPSS Application
TAM Data

1

2

21

Perceived Ease of Use

Perceived Usefulness

Attitude Intention to Use

Construct Items

PEU Q1, Q2, Q3

PU Q4, Q5, Q6

ATT Q7, Q8, Q9

INT Q10, Q11, Q12

Davis et al. (1989)
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Structural Equation Modeling

Introduction

 Hair et al. (2010, 635) provide the following definition of Structural Equation Modeling 
(SEM):

“Structural equation modeling (SEM) is a family of statistical models that seek to explain 
the relationships among multiple variables.”

“… SEM’s foundation lies in two familiar multivariate techniques: factor analysis and 
multiple regression analysis” 

 Three characteristics underlie all SEM techniques:
 Estimation of multiple and interrelated dependence relationships (Structural Model)
 The ability to represent unobserved concepts in these relationships and account for 

measurement error in the estimation process (Measurement Model; CFA Model)
 Defining the model to explain the entire set of relationships (Theorectical Foundation)

13



Introducing the “LISREL” Model
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Introducing the “LISREL” Model
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Introducing the “LISREL” Model
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Introducing the “LISREL” Model
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Introduction to Structural Equation Modeling

Analysis Approach (Hair et al., 2018; Malhotra, 2010)

Defining the Individual Constructs1

Develop and Specify the Measurement Model2

Design an Empirical Study/Collect Data3

Assessing Measurement Model Validity4

Revise?

18



Introduction to Structural Equation Modeling

Analysis Approach (Hair et al., 2018; Malhotra, 2010)

Specify Structural Model5

Assess Structural Model validity6

Revise?
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1. Defining the Individual Constructs

1

2

21

Perceived Ease of Use

Perceived Usefulness

Attitude Intention to Use

Davis et al. (1989)
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Davis et al. (1989)

21



2. Develop and Specify Measurement Model

Construct Items

A (PEU) Q1, Q2, Q3

B (PU) Q4, Q5, Q6

C (ATT) Q7, Q8, Q9

D (INT) Q10, Q11, Q12
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Develop and Specify Measurement Model

Confirmatory Factor Analysis (CFA)

Q1

A

Q2 Q3 Q4

B

Q5 Q6 Q7

C

Q8 Q9 Q10

D

Q11 Q12

Loadings (x)

Error ()

COV (i)
 (PHI)
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3. Design an Emperical Study

 Questionnaire (n=439)

 Employees

24



4. Assessing Measurement Model Validity

 Reliability

 Convergent Validity

 Model Fit

 Factor Loadings (t test)

 Langrange Multiplier Test (Modification Index)

 Standardized Residuals

 Discriminant Validity

 2 Difference Test Approach (single degree of freedom tests)

 Confidence Interval Approach

 Variance Extracted Approach

 Nested Model Approach

25



Model Fit
Hair et al. (2010)

Cut-Off

n>250 n

m>30 m

 ABSOLUTE FIT
 2 statistic (df, p) sig(!) ns

 RMSEA 0.08 0.06

 SRMR 0.08 0.06

 INCREMENTAL FIT
 TLI (NNFI) 0.90 0.95

 CFI 0.90 0.95
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Model Fit: ML Estimation
(Hair et al., 2018)

2= (n-1)FML

FML=tr(S-1) – (p+q) + ln|| - ln|S|

df=0.5(p+q)(p+q+1) - t

n=number of observations

(p+q)=number of MV  =Model-Implied Matrix

S=Sample Matrix

t=number of estimated parameters

27



A Perfect Fit?

S = 

FML = tr(SS-1) – (p+q) + ln|S| - ln|S|

FML = tr(I) – (p+q) + ln|S| - ln|S| = 0

2 = (n-1)*0 = 0

Model Fit: ML Estimation
(Hair et al., 2018)
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Model Fit: Analysis Approach 
(Hair et al., 2018)

1 2

X2 X3X1 X5 X6X4

0.8 0.8 0.8 0.8 0.8 0.8

0.36 0.36 0.36 0.36 0.36 0.36

0.5VAR(F1)=1 VAR(F2)=1
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COVARIANCE MATRIX
1.0000
0.6400     1.0000
0.6400     0.6400     1.0000
0.3200     0.3200     0.3200     1.0000
0.3200     0.3200     0.3200     0.6400     1.0000
0.3200     0.3200     0.3200     0.6400     0.6400     1.0000

Model Fit: Analysis Approach 
(Hair et al., 2018)
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LISREL EXAMPLE

SIMPLIS LANGUAGE

31

Creating A POPULATION Matrix

OBSERVED VARIABLES: 

x1-x6

COVARIANCE MATRIX

1

0 1

0 0 1

0 0 0 1

0 0 0 0 1

0 0 0 0 0 1

SAMPLE SIZE:

10000000

LATENT VARIABLES: 

F1 F2

RELATIONSHIPS

x1 = 0.8*F1

x2 = 0.8*F1

x3 = 0.8*F1

x4 = 0.8*F2

x5 = 0.8*F2

x6 = 0.8*F2

SET THE ERROR VARIANCES of x1-x6 

to 0.36

SET THE VARIANCE OF F1-F2 to 1

SET THE COVARIANCE OF F1-F2 to 0.5

LISREL OUTPUT: ALL ND=4 SI=IMP.COV

PATH DIAGRAM

END OF PROBLEM

http://sscs.uchicago.edu/pages/fac-img/LISREL.png


Introduction to Structural Equation Modeling

LISREL

 SEMNET
 To join SEMNET, send the command: 

SUB SEMNET first-name last-name (in body section of e-mail)

to LISTSERV@BAMA.UA.EDU

 Archives

http://bama.ua.edu/archives/semnet.html

32
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Introduction to Structural Equation Modeling

LISREL

 LInear Structural RELationships

 Modules

 LISREL

 PRELIS (Preprocessor for LISREL)

 Available Command Languages

 LISREL Command Language

 SIMPLIS Command Language 

 Interactive Mode

 Path Diagrams 

 Wizard-Like Approach for LISREL and SIMPLIS (Project)

 PRELIS

33



Getting LISREL…

34



Getting LISREL…
http://www.ssicentral.com/lisrel/techdocs/SIMPLISSyntax.pdf
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Introduction to Structural Equation Modeling

Alternatives

 Alternative Software Packages:

 EQS Version 6.3 (www.mvsoft.com)

 IBM AMOS Version 25 (http://www-03.ibm.com/software/products/en/spss-amos)

 Mplus Version 8 (www.statmodel.com)

 STATA15 (www.stata.com)

 Proc CALIS in SAS Release 9 (www.sas.com)

 R (package sem; package lavaan) 

36



IBM SPSS AMOS 25
https://www.ibm.com/us-en/marketplace/structural-equation-modeling-sem

37
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IBM SPSS AMOS 25
https://www.ibm.com/us-en/marketplace/structural-equation-modeling-sem
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LISREL EXAMPLE

39



LISREL EXAMPLE

LISREL LANGUAGE

CFA: First-Order Group Factor Model

SP=Data-01.sav

DA MA=CM

MO NX=12 NK=4 LX=FU TD=DI PH=FU

LA

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12

SE

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 

LE

A B C D

PA LX

0 0 0 0

1 0 0 0

1 0 0 0

0 0 0 0

0 1 0 0

0 1 0 0

0 0 0 0

0 0 1 0

0 0 1 0

0 0 0 0

0 0 0 1

0 0 0 1

FI LX 1 1 LX 4 2 LX 7 3 LX 10 4

VA 1 LX 1 1 LX 4 2 LX 7 3 LX 10 4

PATH DIAGRAM

OU ND=2 SE TV RS SC SS MI

40
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LISREL EXAMPLE

SIMPLIS LANGUAGE

CFA: First-Order Group Factor Model

SPSS-Data from file: Data-01.sav

! Raw Data from File: Data-01.psf

LATENT VARIABLES:

A B C D

EQUATIONS:

Q1 = 1*A

Q2 = A

Q3 = A

Q4 = 1*B

Q5 = B

Q6 = B

Q7 = 1*C

Q8 = C

Q9 = C

Q10 = 1*D

Q11 = D

Q12 = D

OPTIONS:

Number of decimals = 3

LISREL OUTPUT: SS SC MI RS

PATH DIAGRAM

END OF PROBLEM

41
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LISREL EXAMPLE

SIMPLIS LANGUAGE - ALTERNATIVE

CFA: First-Order Group Factors

SPSS-Data from File: Data-01.sav
!Raw Data from File: Data-01.psf

LATENT VARIABLES:
A B C D

EQUATIONS:

Q1 = A
Q2 = A
Q3 = A

Q4 = B
Q5 = B
Q6 = B

Q7 = C
Q8 = C
Q9 = C

Q10 = D

Q11 = D

Q12 = D

Set the Variance of A to 1

Set the Variance of B to 1

Set the Variance of C to 1

Set the Variance of D to 1

OPTIONS:

Number of decimals = 3

LISREL OUTPUT: SS SC MI RS

PATH DIAGRAM

END OF PROBLEM

42
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LISREL EXAMPLE

Path Diagram

43
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LISREL EXAMPLE

Model Fit

Goodness of Fit Statistics

Degrees of Freedom = 48

Minimum Fit Function Chi-Square = 47.33 (P = 0.50)

Normal Theory Weighted Least Squares Chi-Square = 46.90 (P = 0.52)

Estimated Non-centrality Parameter (NCP) = 0.0

90 Percent Confidence Interval for NCP = (0.0 ; 19.00)

Minimum Fit Function Value = 0.11

Population Discrepancy Function Value (F0) = 0.0

90 Percent Confidence Interval for F0 = (0.0 ; 0.043)

Root Mean Square Error of Approximation (RMSEA) = 0.0

90 Percent Confidence Interval for RMSEA = (0.0 ; 0.030)

P-Value for Test of Close Fit (RMSEA < 0.05) = 1.00

Expected Cross-Validation Index (ECVI) = 0.25

90 Percent Confidence Interval for ECVI = (0.25 ; 0.29)

ECVI for Saturated Model = 0.36

ECVI for Independence Model = 13.23

44
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LISREL EXAMPLE

Model Fit

Chi-Square for Independence Model with 66 Degrees of Freedom = 5768.85

Independence AIC = 5792.85

Model AIC = 106.90

Saturated AIC = 156.00

Independence CAIC = 5853.86

Model CAIC = 259.44

Saturated CAIC = 552.59

Normed Fit Index (NFI) = 0.99

Non-Normed Fit Index (NNFI) = 1.00

Parsimony Normed Fit Index (PNFI) = 0.72

Comparative Fit Index (CFI) = 1.00

Incremental Fit Index (IFI) = 1.00

Relative Fit Index (RFI) = 0.99

Critical N (CN) = 682.91

Root Mean Square Residual (RMR) = 0.018

Standardized RMR = 0.018

Goodness of Fit Index (GFI) = 0.98

Adjusted Goodness of Fit Index (AGFI) = 0.97

Parsimony Goodness of Fit Index (PGFI) = 0.60

45
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EQS EXAMPLE

GOODNESS OF FIT SUMMARY FOR METHOD = ML    

INDEPENDENCE MODEL CHI-SQUARE        =    4122.418 ON    66 DEGREES OF FREEDOM

INDEPENDENCE AIC =    3990.418   INDEPENDENCE CAIC =    3654.841

MODEL AIC =     -48.672          MODEL CAIC =    -292.728

CHI-SQUARE =       47.328 BASED ON      48 DEGREES OF FREEDOM

PROBABILITY VALUE FOR THE CHI-SQUARE STATISTIC IS      0.50030

THE NORMAL THEORY RLS CHI-SQUARE FOR THIS ML SOLUTION IS         46.904.

FIT INDICES

-----------

BENTLER-BONETT     NORMED FIT INDEX =     0.989

BENTLER-BONETT NON-NORMED FIT INDEX =     1.000

COMPARATIVE FIT INDEX (CFI)         =     1.000

BOLLEN'S          (IFI) FIT INDEX   =     1.000

MCDONALD'S        (MFI) FIT INDEX   =     1.001

JORESKOG-SORBOM'S  GFI  FIT INDEX   =     0.982

JORESKOG-SORBOM'S AGFI  FIT INDEX   =     0.972

ROOT MEAN-SQUARE RESIDUAL (RMR)     =     0.018

STANDARDIZED RMR                    =     0.018

ROOT MEAN-SQUARE ERROR OF APPROXIMATION (RMSEA)    =     0.000

90% CONFIDENCE INTERVAL OF RMSEA  (       0.000,         0.030)
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Mplus
https://www.statmodel.com

47
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Mplus
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R LAVAAN
http://lavaan.ugent.be
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R LAVAAN

Editor
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R LAVAAN

Console
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R LAVAAN

Console
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R LAVAAN

Console
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Nested Model Approach - Extended

1 2 43

1  2  4 3

1

Group-Factor Model

Second-Order Factor Model
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Nested Model Approach - Extended

1

One-Factor Model
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Nested Model Approach – Extended
(Rindskopf and Rose, 1988)

 Restrictions

 One-Factor Model (Df=54)

 Second-Order Factor Model (Df=50)

 The one-factor model is a special case of the second-order factor model where 

the (unique) variances of the first-order factors are set equal to zero

 The second-order factor restricts the correlations among the first-order factors to 

a “structural model”

 Group-(Four-)Factor Model (Df=48)

 The one-factor model is a special case of the group-factor model where all 

correlations among the group factors are set equal to one
Restrictions
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Nested Model Approach – Extended

2 Difference Test

Model 2 df 2 df p

Group-Factor 47.33 48 NA NA NA

Second-Order Factor 57.35 50 10.02 2 0.007

One-Factor 2323.52 54 2276.19 6 <0.001
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Structural Model with Manifest Variables

1
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R LAVAAN

Editor

62



R LAVAAN

Console
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OLS Regression Analysis

Results 

A

B

DC

0.35**

0.19**

0.37**

R2=0.21** R2=0.13**

0.38**

** p<0.01

0.79 0.87
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Structural Model with Manifest Variables

Results

A

B

DC

0.35**

0.18**

0.36**

R2=0.21** R2=0.13**

0.38**

** p<0.01
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Structural Model with Manifest Variables Corrected for 

Measurement Error

1

2

21
2

1

1

1

1

2

21

1 2

X1

1

x
11

X2

2

x
22

Y1

1

y
11

Y2

2

y
22

1= 2 = 1 = 2=  (1-Reliability Coefficient)*VAR

x
11=

x
22 = y

11 = y
22 = Reliability Coefficient
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R LAVAAN

Editor

70



R LAVAAN

Console
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Structural Model with Manifest Variables Corrected for 

Measurement Error
Not Corrected for Measurement Error

Corrected for Measurement Error

A

B

DC

0.35**

0.18**

0.36**

R2=0.21** R2=0.13**

0.38**

** p<0.01

A

B

DC

0.38**

0.20**

0.42**

R2=0.25** R2=0.18**

0.41**

** p<0.01
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Path Models with Manifest Variables

Literature Suggestions

Bollen, K.A. (1989). Structural Equations with Latent Variables. New York: John Wiley & 

Sons.

Williams, L.J. & Hazer, J.T. (1986). Antecedents and Consequences of Satisfaction and 

Commitment in Turnover Models: A Reanalysis Using Latent Variable Structural Equation 

Methods. Journal of Applied Psychology, 71 (2), 219-231.
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Introducing the “LISREL” Model
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LISREL EXAMPLE

SIMPLIS LANGUAGE

Path Analysis with Latent 
Variables

SPSS-Data from File: Data-01.sav

LATENT VARIABLES:
A B C D

EQUATIONS:

!Measurement Model

Q1 = 1*A
Q2 = A
Q3 = A

Q4 = 1*B
Q5 = B
Q6 = B

Q7 = 1*C
Q8 = C
Q9 = C

Q10 = 1*D

Q11 = D

Q12 = D

! Structural Model

C = A + B

D = C

OPTIONS:

Number of decimals = 2

LISREL OUTPUT: SS SC MI RS

PATH DIAGRAM

END OF PROBLEM

75
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LISREL EXAMPLE

SIMPLIS LANGUAGE

Path Analysis with Latent Variables

SPSS-Data from File: Data-01.sav

LATENT VARIABLES:

A B C D

EQUATIONS:

Q1 = A

Q2 = A

Q3 = A

Q4 = B

Q5 = B

Q6 = B

Q7 = C

Q8 = C

Q9 = C

Q10 = D

Q11 = D

Q12 = D

C = A + B

D = C

Set Variance of A to 1

Set Variance of B to 1

Set Variance of C to 1

Set Variance of D to 1

OPTIONS:

Number of decimals = 3

LISREL OUTPUT: SS SC MI RS

PATH DIAGRAM

END OF PROBLEM
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Path Analysis with Latent Variables

Results
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R LAVAAN

Editor
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R LAVAAN

Console
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R LAVAAN

Console
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Path Analysis with Latent Variables

Results

A

B

DC

0.38**

0.20**

0.43**

R2=0.25** R2=0.19**

0.41**

** p<0.01
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Path Analysis with Latent Variables

Results
Corrected for Measurement Error

Latent Variables

A

B

DC

0.38**

0.20**

0.42**

R2=0.25** R2=0.18**

0.41**

** p<0.01

A

B

DC

0.38**

0.20**

0.43**

R2=0.25** R2=0.19**

0.41**
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Path Models with Latent Variables

Literature Suggestions
Anderson, J. C., & Gerbing, D. W. (1988). Structural Equation Modeling in Practice: A 

Review and Recommended Two-Step Approach. Psychological Bulletin, 103(3), 411.
Bentler, P.M. & Chou, C. (1987). Practical Issues in Structural Modeling. Sociological 

Methods & Research, 16(1), 78-117.

Bollen, K.A. (1989). Structural Equations with Latent Variables. New York: John Wiley & 

Sons.

Brown, T. A. (2015). Confirmatory Factor Analysis for Applied Research. New York, NY: 

Guilford Press. 

Byrne, B. (1998). Structural Equation Modeling with LISREL, PRELIS, and SIMPLIS.

Mahwah, NJ: Lawrence Erlbaum.

Diamantopoulos, A. & Siguaw, J.A. (2005). Introducing LISREL. London: Sage Publications.

Hair, J.F., Jr., Black, W.C., Babin, B.J, and Anderson, R.E. (2018). Multivariate Data 

Analysis. Cengage.
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Path Models with Latent Variables

Literature Suggestions

Hu, L., & Bentler, P. M. (1999). Cutoff Criteria for Fit Indexes in Covariance Structure 

Analysis: Conventional Criteria versus New Alternatives. Structural Equation Modeling, 6, 

1-55.

Kline, R.B. (2015). Principles and Practice of Structural Equation Modeling. New York: The 

Guilford Press.

Rindskopf, D., & Rose, T. (1988). Some theory and applications of confirmatory second-

order factor analysis. Multivariate Behavioral Research, 23(1), 51-67.

Tabachnick, B.G. & Fidell, L.S. (2007). Using Multivariate Statistics. Boston: Allyn and 

Bacon.

84



Path Models with Latent Variables

Literature Suggestions

Beaujean, A. A. (2014). Latent Variable Modeling Using R: A Step-by-Step Guide. 

Routledge.

Finch, W. H., & French, B. F. (2015). Latent Variable Modeling with R. Routledge.

Rosseel, Y. (2012). Lavaan: An R Package for Structural Equation Modeling. Journal of 

Statistical Software, 48(2), 1-36. (URL http://www.jstatsoft.org/v48/i02/).
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Mediation Analysis Using SEM

A

B

DC
0.38**

0.20**

0.43**

R2=0.25** R2=0.19**

0.41**

** p<0.01

0

0

M0: excluding “direct” effects of A and B on D

M1: including “direct” effects of A and B on D
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Mediation Analysis Using SEM

Regression Approach (Baron and Kenny, 1986)

A

B

DC

1

2

3a

3b

M

X

Y

a
b

c c’

Sobel (1982) test: c’<c, or a*b ≠ 0
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LISREL EXAMPLE

SIMPLIS LANGUAGE

Path Analysis with Latent 
Variables

SPSS-Data from File: Data-01.sav

LATENT VARIABLES:
A B C D

EQUATIONS:

Q1 = 1*A
Q2 = A
Q3 = A

Q4 = 1*B
Q5 = B
Q6 = B

Q7 = 1*C
Q8 = C
Q9 = C

Q10 = 1*D

Q11 = D

Q12 = D

C = A + B

D = C + A + B

OPTIONS:

Number of decimals = 2

LISREL OUTPUT: SS SC MI RS EF

PATH DIAGRAM

END OF PROBLEM
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Mediation Analysis Using SEM 
Iacobucci et al. (2007)
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Mediation Analysis Using SEM 
Iacobucci et al. (2007)

A

B

DC
0.38**

0.19**

0.23**

R2=0.24** R2=0.32**

0.41**

** p<0.01

0.15**

0.35**

M0: 2(50)=115.397

M1: 2(48)=  47.328 ( 2(2)=68.07, p<0.001)

Follow-up by Sobel (1982) test: c’<c, or a*b ≠ 0

90



R LAVAAN

Editor
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Mediation Analysis Using SEM 
Iacobucci et al. (2007)

Indirect Effects of KSI on ETA  

A          B   

-------- --------

C        - - - -

D       0.10       0.05

(0.03)     (0.02)

3.71       2.83
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Mediation Analysis Using SEM

Literature Suggestion

Iacobucci, D., Saldanha, N. and Deng, X. (2007). A Meditation on Mediation: Evidence that 

Structural Equation Models Perform Better than Regressions. Journal of Consumer 

Psychology, 17 (2), 139-153.
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Partial Least Squares Path Modeling

 “…second generation of multivariate analysis”

Fornell (1987)

 Partial Least Squares Path Modeling
 Latent Variables (Measurement Error)

 Assumes minimally ordinally-scaled variables

 Non-Normal Distributions

 Assess Reliability and Construct Validity of Measures

 Large number of indicators

 Formative and Reflective Measures
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Partial Least Squares Path Modeling
(Chin, 1998; Hair et al. 2018; Tenenhaus et al., 2005)

PLS (Variance-Based SEM)

 Prediction Oriented

 Maximalization of VAR 

 "Nonparametric"
 At least ordinally scaled
 No Multivariate Normality

 Latent Variables Are Explicitely Estimated

 Reflective and Formative Indicators

 Large Model Complexity (Constructs and/or Indicators)

 Small Sample Sizes (n > 30)

Covariance-Based SEM ("LISREL")

 Parameter Oriented

 "Reproduction" of VAR-COV Matrix

 Parametric
 At least intervally scaled (ordinal requires large 

sample size)
 Multivariate Normality

 Indeterminate

 Typically Reflective Indicators

 Moderate Model Complexity (constructs and/or 
indicators)

 Large Sample Size (n > 200 [400])
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Partial Least Squares Path Modeling
(Chin, 1998; Hair et al. 2018; Tenenhaus et al., 2005)

Reflective Indicators

 Measures should covary (internal 

consistency)

Formative Indicators

 Measures need not covary

 Measures of internal consistency do not 

apply

1

X2 X3X1

1

X2 X3X1

D
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 PLS (Variance-Based SEM)

 Measurement Model ("Outer Model")

 Reliability

 Construct Validity

 Structural Model ("Inner Model")

 Hypothesis Testing

 Bootstrapping to obtain SE of estimate

 Model Fit (R2 for Endogeneous Constructs)

 GOF (Tenenhaus et al., 2005)

Partial Least Squares Path Modeling

Assessing Validity (Chin, 1998; Hair et al. 2018; Tenenhaus et al., 2005)

𝐺𝑂𝐹 = 𝑀𝐸𝐴𝑁(𝐶𝑜𝑚𝑚𝑢𝑛𝑎𝑙𝑖𝑡𝑦) ∗ 𝑀𝑒𝑎𝑛(𝑅2)
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Partial Least Squares Path Modeling

 Sample Size

 Heuristic

 Ten times the greater of

1.Construct with largest number of formative indicators

2.Constructs with the largest number of structural paths going to it

 Power Analysis (cf. Green, 1991)
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Partial Least Squares Path Modeling

Psychometric Properties 

 Reliability
Composite Reliability (CR) > 0.7 (Nunally and Bernstein, 1994)

Average Variance Extracted (AVE) > 0.5 (Fornell and Larcker, 1981)

 Convergent Validity
Standarized Loadings (SL)  > 0.5 (Hulland, 1999)

 Discriminant Validity
 AVE LVi > CORR(LVi, LVj) (Fornell and Larcker, 1981)

Cross Loadings are not substantial in magnitude (Hulland, 1999)
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Partial Least Squares Path Modeling 

PLS Graph

 PLS Graph is developed by

 Dr. Wynne W. Chin, University of Houston

 More info at: http://disc-nt.cba.uh.edu/chin/indx.html

 The program can be obtained  for academic purposes by sending 

an email to Dr. Wynne W. Chin (wchin@uh.edu)
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Partial Least Squares Path Modeling 

PLS-Graph
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SmartPLS 3
www.smartpls.com
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Hair, J.F., Hult, G.T.M., Ringle, C.M. and Sarstedt, M. (2014). A Primer on Partial Least 

Squares Equation Modeling (PLS-SEM). Los Angeles, CA: Sage Publications.
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Partial Least Squares Path Modeling 

SmartPLS
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Partial Least Squares Path Modeling 

R PLSPM (www.plsmodeling.com)

Inner Model

Path Coefficients

0.352

0.1871

0.3765

PEU

PU

ATT

INT
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Partial Least Squares Path Modeling 

PLS-Graph Illustration

0.352

0.187

0.376

R2=0.142R2=0.209
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Partial Least Squares Path Modeling 

SmartPLS Illustration

0.352

0.187

0.376

R2=0.142R2=0.209
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Empirical Findings

Model Validation

 Model Validation

 Measurement Model (Psychometric Properties)
 Convergent Validity

 All SL > 0.5 ✓

 Reliability

 CR > 0.7 ✓

 AVE > 0.5 ✓

 Discriminant Validity

  AVE LVi > CORR(LVi, LVj) ✓

 Cross Loadings not substantial in magnitude ✓
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Partial Least Squares Path Modeling 

SmartPLS Illustration

0.352

0.187

0.376

R2=0.142R2=0.209
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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Partial Least Squares Path Modeling 

SmartPLS Illustration
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 Structural Model
 R2 > 0.09 (Effect Size Medium)

 C [R2=0.2088] ✓

 D [R2=0.1417] ✓

 Global Goodness of Fit (GOF; Tenenhaus et al., 2005)

 Criteria
 AVE (Minimum 0.50; Fornell & Larcker, 1981)
 R2 (s 0.01, m 0.09, l 0.25; Cohen, 1988)
 GOF (0.07, 0.21, 0.35)

 Model GOF = 0.3869 (exceeds baseline value of 0.35) ✓

Empirical Findings

Structural Model

𝐺𝑂𝐹 = 𝑀𝐸𝐴𝑁(𝐶𝑜𝑚𝑚𝑢𝑛𝑎𝑙𝑖𝑡𝑦) ∗ 𝑀𝑒𝑎𝑛(𝑅2)
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R PLSPM

Editor
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R PLSPM

Console
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R PLSPM

Console
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R PLSPM

Console
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Partial Least Squares Path Modeling 

Advanced Models: Moderation
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Chin et al. (2003)
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Partial Least Squares Path Modeling 

Advanced Models: Consistent PLS (PLSc)
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Dijkstra and Henseler (2015)
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R matrixpls
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R matrixpls

Console
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Partial Least Squares Path Modeling 

Advanced Models: Higher-Order Model
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Wetzels et al. (2009)
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R PLSPM

Console
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