PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

PART B

4 &5 - DECEMBER - 2023

AGENDA

Introduction to structural equation modeling
CB-SEM
Introduction to CB-SEM & AMOS
Creating projects with AMOS
Measurement Models
Evaluating CB-SEM Models
Structural Models
Mediation
PLS-SEM
Introduction to PLS-SEM & SmartPLS
Creating projects with SmartPLS
SmartPLS Procedures
Evaluating PLS-SEM Models
Mediation
Moderation effects
Second-order variables

© Nuno Crespo 2023




PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

CONTACT INFORMATION

= Nuno Fernandes Crespo

= Department of Management
= E-mail: ncrespo@iseg.ulisboa.pt

= Research Interests:

© Nuno Crespo 2023

= Associate Professor at ISEG — University of Lisbon

= Entrepreneurship, SMEs, family firms;
= International business, international marketing;

= International entrepreneurship, INVs, BG, international entrepreneurs.

Lisbon School
of Economics
B Managemant

\J LisBoA

=~z

UNIVERSIDADE
DE LISBOA

CHAPTERB.1




PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= INITIAL DEFINITIONS

= SEM is an extension of Generalized Linear Models;

= |t is a technique of generalized modeling (theoretical models on how different latent variables or
constructs are operationalized and how they are related to each other);

= Allow measurement errors to be explicitly considered.

= |n simplistic terms:

BN

B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= INITIAL DEFINITIONS

= SEM Definition:

= “Structural equation modeling (SEM) does not designate a single statistical technique but instead refers to a
family of related procedures. Other terms such as covariance structure analysis, covariance structural
modeling, or analysis of covariance structures are essentially interchangeable. Another term (...) is causal
modeling, which is used mainly in association with the technique of path analysis.” (Kline, 2005, p. 9)

= SEM techniques are known as the second generation of data analysis techniques (Bagozzi & Fornell, 1982).

Primarily exploratory Primarily Confirmatory
= Cluster analysis = Analysis of variance
First-generation = Exploratory factor analysis = Logistic regression
techniques = Multidimensional scalling = Multiple regression
= Confirmatory factor analysis
Second-generation = Partial least squares structural = Covariance-based structural
techniques equation modeling (PLS-SEM) equation modeling (CB-SEM)

Source: Hair et al., 2017, p. 2.
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B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= INITIAL DEFINITIONS

= |t differs from most of first-generation regression models such as linear regression, Logit, ANOVA or MANOVA,
because these techniques are only able to analyze one set of relationships between independent and dependent
variables at a time (Gefen et al., 2000).

= Compared to linear regression, SEM has the advantage to analyze path diagrams with latent variables with multiple
indicators (Gefen et al., 2000).

= Even when the constructs included in a model are observable variables (e.g. number of patents, international
experience in years, price variation, growth of sales, ROS, ROE, etc), compared to linear regression SEM has
advantages related with the creation and estimation of models that simultaneously include several dependent and
independent variables.

= Soin a glance, why is SEM so popular today?
= Not all variables involved in a particular “phenomenon” are manifest, that is, observable or directly manipulable;
= Increased complexity of theoretical models capable of explaining a given event;

= SEM allows for the modeling and testing of relationships among multiple independent and dependent constructs, all at
once.

= Software for SEM are easy to use.

B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= PLS-SEM vs CB-SEM

= Some authors argue that SEM techniques can be:
= Covariance-based (CB-SEM) — LISREL, AMOS, EQS, Mplus; SePath;
= Variance-based or partial least squares (PLS-SEM): SmartPLS, WarpPLS, PLS Graph, ...

= The most important reason to select CB-SEM or PLS-SEM is the research goal (Hair et al., 2011):
= |f the goal is theory testing, theory confirmation, or comparison of alternative theories, select CB-SEM.
= |f the research is exploratory or an extension of an existing structural theory, select PLS-SEM.
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B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= PLS-SEM vs CB-SEM

= |t all starts with Swedish econometrician Herman Wold (1908-1992):
= He was PhD supervisor of Karl Joreskog — one of the LISREL CB-SEM software developers;
= He was also PhD supervisor of Jan-Bernd Lohméller — one of the first authors to write about PLS.

= Wold called CB-SEM as hard modeling and PLS-SEM as soft modeling.

= Wold developed the variance-based SEM or PLS-SEM in the 1970s (Wold, 1973; 1975), but the software packages
that explore PLS-SEM only appear much years later:

= PLSGraph — Chin, 1990s;
= SmartPLS — Ringle, Wende and Will, 2005;
= WarpPLS - Kock, 2009.

= The first commercial version (version 3) of LISREL software (CB-SEM) was released in 1975.
= Joreskog & Wold (1982) classified CB-SEM and PLS-SEM as complementary approaches, instead of competitive.

= Wold recognized CB-SEM potential for social sciences but (Hair et al., 2011; Dijkstra, 2010):
= He was concerned with the distributional requirements that he classified as unrealistic for empirical research;
= He believed that it emphasized estimation and description too much and prediction too little.

B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= PLS-SEM vs CB-SEM

= PLS-SEM and CB-SEM are applied when unobserved variables are included in the model, but they
employ different algorithms and have different objectives (Richter et al., 216).

= CB-SEM is a factor-based approach of SEM while PLS-SEM is a composite-based form of SEM
(Rigdon et al., 2017).

= CB-SEM considers a construct as a common factor and focuses on minimizing the difference
between the model-implied and empirical covariance matrices (Rigdon et al., 2017);

= PLS-SEM focuses on the maximization of explained variance of endogenous constructs and is a
more prediction-oriented approach (Rigdon et al., 2017; Cepeda-Carrién et al., 2016; Shmueli et
al., 2016).

10
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B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= CB-SEM vs PLS-SEM

= Some differences between the two SEM methods:

CB - SEM PLS-SEM
The model parameters are estimated in order to minimize the The model parameters are estimated in order to maximize the
difference between the estimated and sample covariance matrices. explained variance of the endogenous latent variables.
Parameter oriented, and thus optimal for parameter accuracy. Prediction oriented, and thus optimal for prediction accuracy.
Considers multivariate normal distribution. Makes no distributional assumptions.
Requires high sample sizes. Recommendations for the minimum Works with small sample sizes. Recommendations for the minimum
number of observation: 200 — 800. number of observation: 30 - 100.
Defines convergence as the increase/decrease in the function value Defines convergence as the point at which no substantial difference
beyond a certain threshold. occurs from one iteration to the next.
Included goodness-of-fit statistics. No (established) goodness-of-fit statistics.
Typically, only supports reflective indicators. Supports reflective and formative indicators.

Calculates constructs as common factors: common variance is used to  Calculates constructs as composites of indicators: the total variance is
estimate model parameters. used to estimate model parameters.

Source: Adapted from Hair et al., 2017; Sarstedt, Ringle & Hair, 2014.

11
B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= VARIABLES
= Both SEM start in the same point:
= Manifest or observed variables (or indicator or item)
These variables are measured or observed directly;
= Latent variables, factors or constructs
These variables are not directly observable or measured;
Some examples are related with beliefs, intentions and feelings;
Their ‘existence’ is indicated by their manifestation in indicator or manifest variables.
Residuals
Paths Latent
Measurement Observed variable
errors variables
12
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B.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= VARIABLES

13
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= Both types of variables (latent or manifest) can be independent or dependent:
= Independent variables (or exogenous variables)
The causes of these variables reside outside the model, thus they are not influenced by any other variable in the model.

= Dependent variables (or endogenous variables)
The causes of the variation of these variables reside in the model, thus the variation of these variables is explained by

variables in the model.

Variable C

Variable B

ce-sev =~ CHAPTER B.2
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B.2.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
PMEASUREMENT AND STRUCTURAL MODEL

= The SEM presents usually two different components:

o Measurement Model: Defines the way the latent variables are operationalized/ measured by observed
variables.

o Structural Model: Defines the causal or association relations between latent variables.

16
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B.2.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING

e

Specification

=»STEPS
= Steps:
= Data Assessment
Collection of Conclusions
Adjustment \
Theoretical Quality E ra
Model ) \ 'y \ N

and

identification Model [ Model
we model Estimation Validation

17

B.2. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= SAMPLE

= Sample dimension:
= Minimum of 200 cases (Boomsma, 1985);
= 10 cases per variable (Nunnally, 1967);

= Rule of thumb 10:1 or 5:1, comparing the number of observations and the number of
estimated parameters (Bentler & Chou, 1987; Bollen, 1989);

18
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B.2.2. CREATING PROJECTS WITH AMOS
=>EXISTING SOFTWARES

® Examples of CB-SEM softwares:
OAMOS;
OLISREL;
OEQS;
OMplus;
OSePath;

O...

20
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Unnamed project : Group number 1 :Input
File | Edit_View Diagram _Analyze Tools _Plugins _[elp
O New

2 New vith Template.
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B.2.2. CREATING PROJECTS WITH AMOS

Data Files

Group Name [Fils [ Variable|Vaius [N
Group number 1 <working>

T [
vewoae : | |

=>»FIRST STEPS

B.2.2. CREATING PROJECTS WITH AMOS

Data Files

GroupName | File | Variable| Value|N
Group number 1 <working>

=>FIRST STEPS

22
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AMOS accepts several types of data
files, such as *.dbf; *.csv; *.txt; *.xls;
* xlsx and *.sav files.
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B.2.2. CREATING PROJECTS WITH AMOS
=>»FIRST STEPS

B.2.2. CREATING PROJECTS WITH AMOS
=>INITIAL SCREENING

® But before we advance, we need to do the initial screening of data:
O Missing data in rows (analysis by case) =» Use Excel or SPSS;
O Missing data in columns (analysis by variable) =» Use Excel or SPSS;
O Unengaged responses =» Use Excel or SPSS;
O Outliers (relevant for continuous variables) =» Use SPSS;
O Normality (Kline, 2015) =» Use SPSS:
O Skewness: needs to be less than |10];

O Kurtosis: needs to be less than |3].

® Otherissues:
O Nonresponse bias (comparison between first 75% responses with last 25% responses);

O Common-method bias (Harman’s one factor).

24
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25

= But first, we need to know more about the conceptual model.

B.2.2. CREATING PROJECTS WITH AMOS
=>» FIRST STEPS (example)

Innovation
Differentiation

Marketing
Differentiation

International
Performance

Quality &
Service
Differentiation

Cost Leadership

® Measures:

B.2.2. CREATING PROJECTS WITH AMOS
=>» FIRST STEPS (example)

Gst_it1 R&D of new products
Gst_it2 Marketing of new products
Gst_it3 Selling high-priced products

Gst_it4 Obtaining patents or copyrights

Gst_its Innovative marketing techniques

Gst_it6 Building brand/company identification

Gst_it7 Advertising/promotional programs

Gst _it8 Securing reliable distribution channels

Gst_it9 Improving existing products

Gst_it16 Strict product quality control

Gst_it19 Immediate resolution of customer problems

Gst_it20 Product improvements based on gaps in meeting customer expectations
Gst_it21 New customer services

Gst _it22 Improvement of existing customer services

26
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B.2.2. CREATING PROJECTS WITH AMOS

=>» FIRST STEPS (example)
® Measures:
Gst_it11 Improving efficiency and productivity
Gst_it12 Developing new manufacturing processes
Gst_it13 Improving existing manufacturing processes
Gst_it14 Reducing overall costs

Gst_it15 Reducing manufacturing costs

IPerf_it1 Sales volume

IPerf_it2 Market share

IPerf_it3 Profitability

IPerf_it4 Market entry

IPerf_it5 Image development
IPerf_it6 Knowledge development

27

B.2.2. CREATING PROJECTS WITH AMOS
=>» FIRST STEPS (example)

® Qur database:

O Empirical data used to test the hypotheses was drawn from a online structured questionnaire
conducted in 2011;

O Population:

O Multi-industry Portuguese new ventures (1.993 eligible firms);

O Weight of foreign sales was defined as 25% of total sales.

O Firms took 6 or less years to achieve that weight in the total sales.
O Initial pretest with a dozen firms;

O Initial contact with firms by telephone;

O Final sample: 319usable responses (response rate of 20.9%).
® Reference:

O Crespo, N.F., SimGes, V.C. & Fontes, M. (2020), Competitive strategies and international new
ventures' performance: Exploring the moderating effects of internationalization duration and
preparation, Business Research Quarterly, 23(2), p. 120-140.

28
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B.2.2. CREATING PROJECTS WITH AMOS
=>»FIRST STEPS

= Let’s setup our model. Two options:
= Using the latent variable option (EASIER);
= Design each latent variable by hand.

\ .
Maybe we need to explain all the
controls available.

29

B.2.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

= Now let’s start to include the items:
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B.2.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

= Latent variables names:

QA=

BOANETE L WX T

0 & E O &
=

O F

2
an

SFRPA

AAAAAAAA

B.2.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

= Errors names:
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B.2.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

= Errors names:

B Unnamed pr

T HiEE

BEioicm?t @0i°
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B.2.3. MEASUREMENT MODEL
= INTRODUCTION

1a. Manually: Use ‘draw
covariances tool

= Include covariances:

it

b

@™nA

# O ®

G N

i

=]

IR ™ §F .

R QY 1b. Easier way: Select all
aBa latent variables +

L.,L, - : Plugins>Draw covariances.
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B.2.3. MEASUREMENT MODEL
= INTRODUCTION

= Save the model:

2 Unnomed pojct:Group armber 1 put - 8 x

=iy ‘
:;1 : EWT ° o * 2. Like this!

& @@

am™X

# 08—

< [ s

I m m

[ThY | S— o 3. Save
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QB P

A ZZ “ o

LN ]

Path disgram | Tables

© Nuno Crespo 2023

18

7

¢



PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

B.2.3. MEASUREMENT MODEL
= INTRODUCTION

= Run de model:

- o x

5a. Click on the Analysis
Properties icon!
5b. View> Analysis
Propperties.

6. Select:

*Standardized estimates;
*Squared multiple
correlations;
*Modification indices.

Path diagram | Tables

B.2.3. MEASUREMENT MODEL
= INTRODUCTION

7a. Click on the Abacus!
oY : 7b. Analyse> Calculate
_—— Estimates.

= Run the model:

odel - Group number 1 Inpt

| |
é..

(=]

&
YN
QB | =
e+ =
L2 &4 —

Path diagram | Tables
Not estimating any user-defined estimand.

38
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B.2.3. MEASUREMENT MODEL

= INTRODUCTION

= See the results:

FAAT@mED oEE T

2
aa

Eg

iAi‘ E}i

. B A
1 Y-PoL {1

Path diagram | Tables

nnnnnnnnnnnn

- o X

8a. Click on the View text
icon.

8b. View> Text output
OR
F10

B.2.3. MEASUREMENT MODEL

= INTRODUCTION

= See the results:

3 -7 -0 - [FOEE @

Notes for Model (Default model)

o m =265
Probability level =000

Computation of degrees of freedom (Default model)

S —
9. This report appears.

- o x

10. Let’s do a jam session on
the report.

40
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B.2.4. EVALUATING CB-MODELS
= STEPS

= The two-stages process is followed (Anderson and Gerbing, 1988; Hair et al., 2019):
= STAGE 1: Measurement model
= STAGE 2: Structural model.

= Measurement Models: 7 | Reliabiiity | ®_'
= Reflective measurement models. j.— | |

Validity
Model Fit |

= Structural Models.

j— | Assessment of relations

42
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B.2.4. EVALUATING CB-SEM MODELS

= STEPS

Unidimensionality &
Reliability

Convergent Validity

Discriminant Validity

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

Loadings of the items

Cronbach’s Alpha

Composite Reliability (CR)

Loadings of the items

Average Variance Extracted (AVE)

Average Variance Extracted (AVE)

AVE vs r?

20.60 or 20.70
(Bagozzi & Yi, 1988, 2012)

a20.70
(Cronbach, 1951)

CR>0.60 or CR20.70
(Hair et al., 2009; Bagozzi & Yi, 2012)

20.60 or 20.70
(Bagozzi & Yi, 1988, 2012)
CR2>0.50
(Hair et al., 2008)

CR20.50
(Hair et al., 2008)

AVE > r2 or VAVE>r
(Fornell & Larcker, 1981)

43

B.2.4. EVALUATING CB-SEM MODELS

= STEPS

44
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= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

= Loadings of the items:

T (Group number 1 - Default model)

7
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1. Look at the Standardized
Regression Weights.

It seems that here we have a
problem. Less than 0.60...
But let’s see if this is
problematic...
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B.2.4. EVALUATING CB-SEM MODELS

= STEPS

CR and AVE:

@ ot Avomstomente St Toos Poctage v

Ficheiro Base Inserir Desenhar EsquemadaPigina Formuas Dados Rever Ver Automatizar Ajuda
ek
[-N
s

colr

St Area de Tt

» ValidityMaster X2 Difference | 2 way nter Fit Check | EffctSize

GroupDifferences

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

Paste Standardized Regression Weights table in F2

o

/
Nonocro @) &

e 2. Open the Excel file

v O ‘Stats_Tools_Package.xlIsx’.
N

o

Read Caveats and
Assumptions below,
and then click me.

\

3. Go to the ValidityMaster
Caveats and Assumpt sheet.
1. Your latent variable names do.no
numbers (bad: F1, Facto: . It is okay to
have observed-variables named whatever

/

4. Copy & Paste both
Correlations table and
Standardized Regression
Weights table.

2. Your error/residual names do end with
numbers (good: e1, res12)

3. Your variable names are not any of the
following: AVE, Max, CR, MSV

4. You have more than 2 latent variables.
5. You have no heywood cases (standardized

Heterogeneity Test

vl |
Remove Mising | Impute Mising | Scale A

Outler @ aor

B.2.4. EVALUATING CB-SEM MODELS

= STEPS

E:

Stats_Tools_Package v

CR and AV

P Procurar (Alt+H

Ji Standardized Regression Weights: (Group number 1 - Default model)

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

Nnocowo @ &

O Comentiris

o x

5. Press on this button to
start a Macro

« Fitre Selecionar <

Master X2 Difference actions | GroupDiffer
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4 Estimate| Estimate|
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Marketing Internatio Marketing
COffeent <> na perr] 261 Gtw < Difent| s

Read Caveats and
Assumptions below,
and then click me.

Caveats and Assumptions:
1. Your latent variable names do not end in
numbers (bad: F1, Factor12). It is okay to
have observed variables named whatever

2. Your error/residual names do end with
numbers (good: el, res12)

3. Your variable names are not any of the
following: AVE, Max, CR, MSV

4. You have more than 2 latent variables.

5. You have no heywood cases (standardized

Outlers

23

7

¢



PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

[ er—

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= CRandAVE:
@ Guardor Automaticomente @ ) []  Stos_Tools Package v procurar (Al Nmocmpo @) & - @ X
Fcheio Base nseir Desenbor Esquemadapigina  Formulas Dodos Rever Ver Awomatiar  Auda @ Comentirios
A b Y A |8 | J B B B I A O
S Mrs-mee-a- ®- % o0 4 / / Bl | 0- g e
AL v i ‘ - - - A
S i ——— g — ; ;
i ———— — 6. You will get this Table.
6 mw}.m] 0874 0540 0275 0980261 |56 |54 337 0735 Here we can see:
; No Validity Concerns - Wahoo! e CR:
9 7
i e AVE
12
1 and
16 * Fornell & Larcker Criteria.
»
2
2; Click to reset
2

[ =)

B.2.4. EVALUATING CB-SEM MODELS

= STEPS

Cronbach’s Alpha:

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

R strategies_red.sav [ConjuntodeDados1] - Editor de dados do IBM SPSS Statistics - ] x
=) i A
SHEE -~ BLAE  BF 406
Pami o e 16 7R & Rz & R & PR P FRis | 5 Mi‘i_\l P MK;J s Mi,n ¢ mj,n ¢ Mi_n 7 Mﬁ_n £ E0_itl & E0_it2 & E0_it3 & EO_td & EO_its & EO_its & EO_
0 W1 6w 1w s 60 4w 00 600 5@ 500 700 300 600 60 600 500 500 500 7. In the SPSS, open the File
- 2 emlam s oo e o Tei 7w o om s e e Totl Teltml 1 Strategies.sav
o

Visualzagao do dados Visualiagdo de vanivel

0 processador do BH SPSS Statstcs st pronto

Unicods:ON
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Cronbach’s Alpha:

@ suategie.ed.sav [ConjuntodeDados1] - Edtor de dacios o 1BM SPSS Statstes - 8 x
Ao Bt yisuskiar_Dagos_Tnstormar_pnsbsarGrifcos _ Usktiios _ Exensdes _Janola_ Auda
/ . = Relatérios » W
T R  pd @ el
Enttotces Barsionn » Vst 60 de G0 varis
PERUMPFRE  Taetas » ;, NC_i| 5 MC| L MCt| 5 MC k| , MCt[# 0t # E012 4 E013 & EO & EO_16 4 EO ) EO_
Comparar Médias » 2 3 4 5 6
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Cronbach’s Alpha:

12 Anélise de confiabilidade X
Itens:
&GStz
son grn o
& csti2a & IPer i
g; Dor_int & Per_itd
n_trab09 .
& Secin A 9. For each latent variable,
& serv - q q
& anos_atezs 1 include the items that measure
& Firm_Age v .
— the variable.
Modelo: Alfa =
Rtulo de escala: | | Then: press ok.
[ o« Colar (R J( cancelar | Ajuda |
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Model Fit:

T N R R

x*/df 3.0 - 5.0: mediocre fit.
(Normed Chi-square) 2.0 - 3.0: good fit.
RMSEA <0.06: good fit;
(Root Mean Square Error of Approximation) 0.06-0.08: reasonable fit;
0.08-0.1: mediocre fit;
>0.1: poor fit.
GFI

>0.90: good fit.
(Goodness-of-Fit Index)

NFI >0.90: good fit.

(Normed Fit Index)

CFI >0.90: good fit.

(Comparative Fit Index)
IFI

>0.90: good fit.
(Incremental Fit Index)

Source: Based on Diamantopoulos & Siguaw, 2008; Bagozzi & Yi, 2012; Vieira, 2010; lacobucci, 2010, Hooper el al, 2008; Hair et al. 2019.
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Model Fit:
o - FOmm e o

NPAR  CMIN DF P CMINDE
60 1034,607 21

375 000 0
25 4571966 300 000 15240

11. In the Report section, go to
R G Ao ror Model Fit.

707 621

187
000 1,000
641269 208 248

FIRFI IFI
Delta2

Delt

LI
T rho2
a7 744 &

12. The indices are not
Exceptional, but we can

improve the fit.

1,000
1000 000

Mod PRATIO PNFI  PCFI
883 683 724
000,000,000

model 1,000 000 000

13. Go to Modification Indices,
and identify the highest values,
suggesting the covariances
between errors of variables.

FMIN FO LO90  HI9
3643 2710 2375 3071

K 000 000
model 16,098 15042 14284 15826
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

LN

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
o Model Fit:
R

<o - FOMEE 2@

Modifics

s (Group number 1 - Defaul model)

14. For instasse, include a
covariance between e12 and
el3, will improve the X2 in
118,31.

p number 1 - Default mode)

cting Differentiation 21,796

30877
44,092 310
32,693
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

ot
L g5

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
r' Model Fit:

7 o - fADEE @

P CMIN/DE
3904

NPAR  CMIN DF
60 1034,607 21

325 000 o
e model 35 4sTio6 00 G0 15240 11. In the Report section, go to
Mol O G A Model Fit.
Dl

2 10

NFI RFI IFI TLI

12. The indices are not

DeliaT Detta2 cr
LT o )
Heo o0 oon o0 Exceptional, but we can

improve the fit.

Svomted el o0 o0 oo
\'P” ol o 13. Go to Modification Indices,
N tow  mio and identify the highest values,
» o aroi wserss wsisso suggesting the covariances
between errors of variables.
N R L% HI%
1000 000 000

Sai el 000
Independence model 16,098 15,042 14284 15826

RMSEA
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B.2.4. EVALUATING CB-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Model Fit:

T miE

}‘: E 14. Include the variance
G m between e12 and e13.
# O

|

15. Run the model.

=

4]

a3

. &
BLALPEHDE/ M XG WMo

16. Repeat the process until no
modification indices appear.

a3

S ppLES
A

B.2.4. EVALUATING CB-SEM MODELS
= STEPS
= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:
= Model Fit:
Kovan 3 o7 co - FOEE 10 IR
s ons b r e / 17. The values improve:
i E o e + X2/df=2.975
RMR  GFI AGFI PGFI ° GFI:O.813
LRl * CFI=0.879
e |FI=0.880
* NFI=0.829
¢ RMSEA=0.083
56
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Structural Model

B.2.5. STRUCTURAL MODEL

® Let’s organize the model:
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B.2.5. STRUCTURAL MODEL

® Let’s organize the model:

+

Qizsml

#0FF

0

ImA S =
BUANPEHIE /X mDo

an
aa

=Rkl

B.2.5. STRUCTURAL MODEL

® Let’s organize the model:

gggggggggggg

T e

Ld e

BLO1GE

BeANEDBE S NG

g d
an

RYFFETT B
B

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn
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B.2.5. STRUCTURAL MODEL

® Let’s organize the model:

£8: Measurement_ model : Group number 1 Input
Fle Edt View Diagram

olyze Tools Plugins Help

ot

Gr
Qixzmi 0
X (3 mmdo

(

=
i

2 REe
B@HP

an
aa

sSFERA

Default model

Minimization
Heration 11
Minimum was achieved
Writing output
Chi-square = 7795, df

Path diagram | Tobles

Not estimating any user-defined estimand.

61

B.2.5. STRUCTURAL MODEL

® Let’s organize the model:

8y Amos Output

— x
SuERes -7 -o - FLOEEQ
Weszurment Model am
Estimates (Group number 1 - Defuult mode) A

“anaysi Summry (Group »

Notes forGrou

Variable Summary Scalar Estmates (Group number 1 - Default madel)

Parameter Summary N

for Vel iasmam Likclibood Estimates

- Regression Welghts: Group mumber 1 Defaulmodel)

Minmizaton Htory

Mocel it Esimate SE. CR. P Label
Execution Time International_Performance < Innovation Differetiation -016
. Marketine_Differentiation 54 1526
Performance < s
G i Innovation Differetiaton

QualityService Differentiation

Cost Leadership
Cost_Leadership
Cost_Leadership
Cost Leadershi
QualiyService Differeniation
QualiyService Differentiation
QualityService_ Differeniation
QualityService Differeniation

Iper it < International Performance
Standardized Regression Weights: (Group number 1-Default model)
Internationsl_Pecformance <~ Inmovation Differentistion

eting_Difl
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B.2.5. STRUCTURAL MODEL
" let’ ize the model:
et’s organize the model:
%3 Amos Output - -] =
7 -0 - FOMEE :Q
Estimates (Group number 1 - Default model) =
S oeton ices Regression Welghts: (Group umber 1 - Default m
— Per_ith International_Performance
B.2.5. STRUCTURAL MODEL
= ! ize the model:
Let’s organize the model:
3t Amos Output - X
&R 3 7 0

64
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Mol e summary

15240 /

oy
Model CMIN DF P CMINDF
Default model msH 262 s
Saturated model 00 o
Independencemodel 25 4571966 300 000

RMR, GFI

Model RMR Gl AGF PGH

Default model AST 813769 656

Saturated model 000 1,00

Independence model 641

Basatine Comparisons

NF
b Delal
Defult model 829
Saturated model Looo

Independence model 000

Parsimony-Adjusicd Measures

Model PRATIO
Defult model 73
Saturated model 000
Independence model 1000
Model

Saturated model

0
269 208 a8

R P TU
Mol Delw2 o2 !
805 880 861 8719

Looo
000 000 000 000

PNFI PCRL
74768
00 000
o0 000

HI%
605.168

00 00 000
Independence model 4271966 4056.754 4494450

Py
EMIN

Default model 27
Saturated model 000
Independence model 16,095
Model RMSEA
Default model 083
Independence model 24

i

FO 109  HI9
182 151 2131
000 000 000
15042 14284 15826

109 HIS
o7

0 PCLOSE
0% 000

000
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B.2.6. MEDIATION
=»DEFINITION

® Avariable functions as a mediator when it meets
the following conditions (Baron & Kenny, 1986):

Mediator

O Variations in levels of the independent variable .
Variable

significantly account for variations in the
presumed mediator (i.e. Path a)

Patha Path b

Independent Dependent
Variable Variable
Path ¢

O Variations in the mediator significantly account
for variations in the dependent variable (i.e. Path
b), and

O When paths a and b are controlled, a previously
significant relation between the independent and
dependent variables (i.e. Path c) is no longer
significant.

66
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B.2.6. MEDIATION
=»DEFINITION

® Partial Mediation:

O The independent variable still has a significant direct
effect on the dependent variable.

Mediator

Variable
O The magnitude of the influence of Path c is diminished

(but still significant) upon introducing the mediator
variable (and Paths a and b). Patha Path b

Independent Dependent
Variable Variable
Path ¢

® Full Mediation:

O The independent variable does not have a significant
effect on the dependent variable after inclusion of the
mediator variable. That is, the effect of the
independent variable on the dependent variable is not
significantly different from zero.

O The magnitude of the effect of Path ¢ drops to zero.

67

B.2.6. MEDIATION
=>»Example

" The framework Strategy-Resources-Performance, may be explored here.

Quality & Service
Differentiation

Innovation
Differentiation
Marketing
Differentiation
Cost
Leadership

Firm Resources

International
Performance

B | et’s consider the Firm Resource variable:

FR_it1 The specialized expertise of the firm was above the industry average.

FR_it2 Firm capital was above the industry average.

FR_it3 The operational management capability of the companywas above the industry average.
FR_it4 The reputation of the company was above the industry average.

FR_it5 The cooierative aliance exierience of the comiani was above the industi averaie.

68

7
T

¢

34



PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

B.2.6. MEDIATION
=» Example

® We need to redo the measurement model, with this additional variable:

8 Measurement model : Group number 1 Input

- 8 x
Flo Edt View Disgram Amyze Tools Plugins Halp
= e ¥
“— \% 1 R AVE MsV. MaxR(H) \ Marketing  Cost_LeadeQualitySen Firm_Resources
2 International_Performance 0.874; 0.540, 0.274, 0.890, 0.735, | |
(ite} 3 Innovation_Differentiation 0807 0593  0.496]  0956],259 0770, \
4 Marketing_Dif 0.860)| 0.557, 0.496, 0.969,,260 ,704 0.747,
5 Cost_Leadership 0.883] 0.603, 0.375, 0.975/,337 ,198 068
6 QualityService_Differentiation 0.877, 0.544, 0.375, 0.979,523 ,340 1,250
7 Firm_Resources 0.800, 0.450| 0.212 0.981/,460 341 362 0.670
0 Detat model 8
9 VALIDITY CONCERNS

10 Convergent Validity: the AVE for Firm_Resources is less than 0.50.
055 i S A AR DERERS 1. We got this problem
e | with the AVE of Firm

Innovation Dillerentiation
Innovation_Differentation ; Resources.
Marketing Differentiation
farkoting Differentiation

@E0 0

o

Untandadzed estimates
Stndrized esmtes

8o
«

farketing Differentiation
farketing Diflerentiation
farketing Differentiation

SPRA

Default model Cost_Leadership
Minimization Cost. Leadership
Heration 11

Cost_Leadership
Minimum ws achieved. “ost_Leadership
Writing output

Chi-square = 12506, of

: : 2. Maybe we can solve
i Dieoion 3% that by excluding FR_it5

o A0S

and FR_it2, with loading
below 0.60.

Intenational_Terformance
International Performance
Internationsl_Performance
International_Performance

Path cisgram | Tables
Not estimating any user-defined estimand.

ntemational Performance
i Resourees

| Resources
Firm Resources
inn_Resources
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B.2.6. MEDIATION
=>»Example

® We need to redo the measurement model, with this additional variable:

{1y Messuerment el Group rumbar 1 iput

R AVE Msv. MaxR(H) | i ost_L \_Resources.
g G MGl Do A s [ i Internation  0.874 0.540 0275 089 _ 0.735
Innovation,  0.807 0593 0.496|  0.956,261 0770
i Marketing 0860 0557 0496  0.969,261 704 0747
e —) o Cost leade 0883 0603 0375 0975337 198 068 0776
8 Qualitysen 0877 0544 0375 0979524 340 1250 512 0738
Firm_Resot 0781 0544  0.192]  0.981,438 332 341 1220 1365 0.738

No Validity Concerns - Wahoo!
. Like this.

"ok etat el

0 # 6

aE
BE o1

il
o

FLA
RPN
B

Default model
Minimization

teraton 11
Minimum was achieved
Witing output
Chi-square = 1457, df _

“ula AMOS

Path disgram | Tables

ot mm«ml in| yser defined estimand
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B.2.6. MEDIATION
=» Example

® Now the structural model:

8 Measurement model : Group number 1 :Input
Fle Edt View Diagrom A

O 5. Like this.

“— o 2 —

o8 e

@mX

R 6. All dependent
i variables need to include
?E g the residuals.
QAR

QB

A 2% @

L ]

‘‘‘‘‘‘‘‘‘

Path diagram | Tables

B.2.6. MEDIATION
=>»Example

" Initially, we had:

0.413"**

Quality & Service
Differentiation
Differentiation

International
N 0.141ns: I\ Performance
Marketing
Cost.
Leadership

72
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Cost.
Leadership

And now we have:

Firm Resources

Quality & Service
Differentiation

Innovation
Differentiation

0.284™"

International
Performance

Marketing
Differentiation

Hence, it seems that:

The direct effect that Quality & Service Differentiation has on International
Performance, is partially mediated by Firm Resources.

73
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B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
=»INNER MODEL AND OUTER MODEL

= Measurement Model:
o In PLS-SEM the measurement model is called outer model.
o Relationships between each latent variable and their observed indicators.

o The same indicator can not be associated to different latent variables, that is multiple relations are not possible
(Hair et al., 2011).

= Structural Model:
o In PLS-SEM the structural model is called inner model.

o The paths between the latent variables can only head in a single direction (Hair et al., 2011). In other words,
causal loops are not possible.

76
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B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
=»INNER MODEL AND OUTER MODEL

...............................................................................................
o

Entrepreneurial
Orientation

Entrepreneurial
Alertness

Foreign Market
Knowledge

Absorptive
Capacity

N e D SAUEETIEL UL ER LR C R LR RRE R e ,
S - Inner Model S e " ——— -

Outer Model Outer Model
Exogenous Endogenous
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B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= WHY PLS-SEM? + SAMPLE

= Reasons used by researchers to choose PLS-SEM as the statistical approach for assessing
structural equation models (Urbach & Ahlemann, 2010):

= [|tis less demanding than other methods about the sample size (10:1 rule; minimum of 100);
= |t is not necessary to have normal-distributed data;

= Can handle with both reflective and formative latent variables;

= Addresses better theory development than theory testing;

= |t is particularly valuable for prediction;

= Can be used for complex structural equation models with a large number of constructs;

= Sample rule of thumb 10:1:

= |n formative variables identify the maximum number of indicators that is used to measure a latent
variable (LV);

= In the inner model (including formative and/or reflective variables), identify the LV with the
maximum number of exogeneous (independent) LV;

= The maximum between those two values is multiplied by 10, and we obtain the minimum
sample size.

78
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B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

= Each construct is associated with one or more indicators or items (observed variables).

= We can identify three different outer model “modes” (Hair et al., 2011; Rigdon et al., 2010):
o Mode A — Reflective measurement model (scales);
o Mode B — Formative measurement model (indices);
o Mode C - “Mixed” measurement model:
o Different modes for different latent variables.
o Even so, is not possible to have both reflective and formative indicators for the same latent variable.

o PLS-SEM can handle with all these outer models.

79

B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

= REFLECTIVE INDICATORS
= These are seen as functions or “effects” of the latent variable;
= Changes in the latent variables can be reflected in the indicators (observable variables);

= These can be represented in PLS-SEM by single headed arrows pointing away from the latent variable to
the indicators;

= The coefficients related to these relationships are called outer loadings;
= Takes measurement error into account at the item level;

= Reducing an indicator or item does not alter the meaning of the construct. So, it is possible to have
substitution or omission of items in subsequent studies.

Latent
Variable

80

© Nuno Crespo 2023 40

-

¢



PROGRAMA DE DOUTORAMENTO EM GESTAO
Técnicas Quantitativas de Investigagdo em Gestdo

B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

= REFLECTIVE MEASUREMENT MODEL WITH SmartPLS
= Similar to factor analysis or principal component analysis (PCA);
= Measurement errors are expected to be zero;
= |ndicators should be positively correlated;
= The latent variables has a variance of one;
= Usually, the latent variable is centered, and the latent mean is calculated;
= The weights are calculated, also.

B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

= FORMATIVE INDICATORS
= These cause or form the latent variable;
= Changes in the formative indicators “lead to changes” in latent variables;
= These can be represent in PLS-SEM by single headed arrows pointing from the indicators to the latent
variable;
= [tems are included to capture the latent variable in its globality. So, dropping an indicator or item may
alter the conceptual meaning of the construct.

Latent
Variable

82
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B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

= FORMATIVE MEASUREMENT MODEL WITH SmartPLS

= Based on multiple regression;
= Measurement errors at construct level:
= Represent the missing indicators;

= |s expected to be zero.
Indicators are not expected to be correlated, can be mutually exclusive. But multicollinearity can be a problem in
formative items;
The latent variable has a variance of one;
Usually, the latent variable is centered, and the latent mean is calculated;
Weights are estimated and rely on others variables, not the latent construct that they “form”;
The correlations between the latent variable and its indicators (loadings) are also calculated.

B.3.1. INTRODUCTION TO STRUCTURAL EQUATION MODELING
= REFLECTIVE vs FORMATIVE

Reflective

= Examples:

| appreciate this hotel. |

Speach Slurred

I’ am looking forward to staying in
this hotel

Satisfaction

| recommend this other to others. |

The service is good. |

The personnel is friendly. |

Satisfaction

Formative Wine consumed
The rooms are clean. |
Source: Adapted from Albers, 2010.
84
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>EXISTING SOFTWARES

® Examples of PLS-SEM softwares:
O ADANCO;
O GeSCA;
O LVPLS;
O PLSPATH (R software);
O PLS-Graph.
O PLS-GUI (R software);
O SPAD-PLS;
O SmartPLS — www.smartpls.com
O WarpPLS;
O Visual PLS;

O Some are paid and other are freeware.

86
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=> INITIAL FEATURES

® Some information about the software (remme, treis & Hildrebrandt, 2010):
O It is independent from the user’s operating system, because it is Java-based.
O Uses raw data as input;

O The specification of the model is done by drawing the structural model (with the latent variables)
and allocating (using drag & drop) the items or indicators to the latent variables;

O ;I'he output reports, besides exhibited within the software, can be exported as Excel, HTML or R
ormats.

O Besides the PLS Algorithm, bootstrapping and blindfolding are the resampling methods available.
O Itincludes the specification of moderation effects and quadratic effects.
O Supports multigroup analysis;

O Other features: finite mixture routine EFIMIX), importance-performance map analysis (IPMA), PLS
Predict, Confirmatory Tetrad analyses (CTA).

87

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

i Smartpls 4 - o x

SmarPLS  Fies

B CismanPLse Switch Welcome to SmartPLS 4
> Bl Anive @ SmartPLS 4 is @ completely new development. You il be surprised how advanced and groundbreaking the new SmartPLS software is. On our
website you Gan read about all the now eatures, You can also got some futoral vidaos there
Workspace
Al projects created with SmartPLS are ahways located in a foider on your computer. We cal tis folder Workspace. You can see the path ofthe
folder belo
. via the button on theletside or via the ollowing s, which shows you
Choose Workspa 7 Create a new project X
Sample | yame
] oo
%N
«

) [install]

fon [ Install]
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

B CismaneL s~ swe Welcome to SmartPLS 4
P Project TAM, SmanPLS 4is p
& Ao (\
B Create a newfroject X e
Bl 5 ONGSTON 1> 0 A > 055G » TountPO%) » M
Name

m Ep T 1 e

[ Project TaM ]

6 sewisie

SmartPLS accepts *.csv; *.txt; *.xls;
* xlsx and *.sav files.

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

Wicsvin
oroect ame
Sarscan oo acpe (s 100023
ame wssng

Escape cnaracer Locaie Encoang

5[5 51 5 [ 3 5 [ e
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

W SmartpLs 4 - o x

SmartPLs  Edit

e = a o F
Back

Setup  Addgroup  Generate groups groups  Exportto Excel / CSV

TA 21 Indicators wi| * ™"
o

m D 0

New project  PLS-SEM  REGRE!

Navigytion

Indiator correlations

Raw {ata

Workspace
& CismareLss swen | Welcome to SmartPLS 4

* B Project TAM Smarte Onour

AM [1190]
> Bl Avchive (0)

Workspace

custent workspace foker below.

your lastused workspaces).
Recent workspaces
Your current workspace Is; CASmartPLS4

Choose workspace

Sample Projects

Tryou

- Corporate reputation - PLS-SEM book (primen) [ <121 ]
- Corporate reputation - Advanced PLS-SEM book (1121 ]
- Advanced Analysis [ 111121 ]

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

o x

Bismartpls 4

SmartPLS  Files.

L 0O 0O ]

Newproject ~ PLS-SEM  REGRESSION ~ PROCESS

Workspace
& Cismaplss Switch Welcome to SmartPLS 4
v s Project TAM SmartPLS 4 is a completely new development. You will be surprised how advanced and groundbreaking the new SmartPLS software is. On our

‘website you can read about al the new features. You can also get some tutorial videos there.

Workspace

Al projects created with SmartPLS are always located in a folder on your computer. We call this folder "Workspace”. You can see the path of the.
current workspace folder below.

> & Archive (0)

You can chand = Jttsice or va the . New model x
B New model X
your last used
Project
Recent wd  Project
Project TAM -
| Project TAM >
Model type
Model type
o PLS-SEM -
Please choose -
with o Flle name
REGRESSION [[ram_moger ]
- Corporate re| PROCES!
- Advanced Al
- European cy .
- Technolo; [——romm— Cancel ) Save
& Cancel —
~Unified theos e

- Organizationai gentiteatlon (17511
- Modeling styles
- REGRESSION |
-pROCESS [ 114

- Necessary cond|

Collapse all Expand all
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

W SmartPLs 4

SmarPLS  Edit  Calculate

® o » @ @ ® o
fect Mo ect  Gaussian oo

Select  Latentvariable  Connmect  Que pula  Comment  Delete

USEF1

2 user2
5 USEF3
“ USEF4
5 EOUT
© Eouz

ove  Calculate
s
TAM_Model oubl- s es.
2) With AL rizbles or  latent variable and another connection (for a moderating effect) | o |
= Soec atast o
o o8s “ coloring
4 8
1

7 EOUs
o EOUs

o Bit
0812
BI3
12 AT
3aTT2
11ATTS
SATTA
G ATTS
17 usEr

Zoom (100%)

Visible: Al Sorted by: Iniox asc.

93
B.3.2. CREATING PROJECTS WITH SMARTPLS
=>» FIRST STEPS (example)
= But first, we need to know more about the conceptual model.
= Consider this Technology Acceptance Model (TAM)
Perceived
Usefulness
Attitude Beha\./ioral
Toward Using Intention to
Use
Perceived
Ease of Use
Belief Constructs and Attitudes Predicts Users
94
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>» FIRST STEPS (example)

® Measures:

USEF1 | find computers useful in my job.

USEF2 Using computers in my job enables me to accomplish tasks more quickly.
USEF3 Using computers in my job increases my productivity.

USEF4 Using computers enhances my effectiveness on the job.

EOU1 My interactions with computers are clear and understandable.

EOU2 It is easy for me to become skillful using computers.

EOU3 | find computers easy to use.

EOU4 Learning to use computers is easy for me.

BI1 | predict | will continue to use computers on a regular basis.

BI2 | predict | will use computers on a regular basis in the future.

BI3 To do my work, | would use computers rather than any other means available.

95

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>» FIRST STEPS (example)

® Measures:
ATT1 All things considered, my using computers is (extremely bad ~ extremely good).
ATT2 All things considered, my using computers is (extremely foolish ~ extremely wise).
ATT3 All things considered, my using computers is (extremely unfavorable ~ extremely favorable).
ATT4 All things considered, my using computers is (extremely harmful ~ extremely beneficial).

ATTS All things considered, my using computers is (extremely negative ~ extremely positive).

USE1 On an average working day, how much time do you spend using computers? (1) Almost never; (2) less than30 min; (3) from 30 min
to 1 h; (4) from 1 to 2 h;(5) from 2 to 3 h; and (6) more than 3 h

USE2 On average, how frequently do you use computers?(1) Less than once a month; (2) once a month; (3) a few times a month; (4) a
few times a week; (5) about once a day; and (6) several times a day

USE3 How many different computer applications have you worked with or used in your job? (1) None; (2) one;(3) two; (4) three to five
applications; (5) six to ten applications; and (6) more than 10 applications

USE4 According to your job requirements, please indicate each task you use computers to perform (count of all that apply)? (1) Letters

and memos; (2) producing reports;(3) data storage and retrieval; (4) making decisions;(5) analyzing trends; (6) planning and
forecasting;(7) analyzing problems and alternatives; (8) budgeting;(9) controlling and guiding activities; (10) electronic
communications with others; and (11) others (please indicate)

96
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>» FIRST STEPS (example)
® Our database:

O Study about the acceptance and use of a technology “desktop computers for any work-related
purpose” in Saudi Arabia;

0 1.190 responses from a survey;
O Respondents: white collar workers;

O Multiple industries and companies.

® Available in:

O https://www.smartpls.com/documentation/sample-projects/tam

® Reference:

O Anderson, C., Al-Gahtani, S. S., and Hubona, G. S. (2011). The Value of TAM Antecedents in Global
IS Development and Research. Journal of Organizational and End User Computing, 23(1), 18-37.

97

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

= Let’s setup our model. Two options:

BiSmartpls 4 - o x

SmartPLS Edit Calculate

@+ ® o0 5 @ @ ®w & o

e Caloulate Select  Latntvariable Comnect  Quadratic effect  Moderating effect  Gaussian coj pula Comment it Delete

TAM_Model pace
BWINALT prossed
= Coectcataset ||| 3) Wi ALTISHIFT ressed, aag aten varabies 1o algn incaios

another connection

oBs ~ Coloring
user1 s
userz
users
‘ users &5
Eour
eouz
Eous

Eous
) Bt
0Bi2
B3
AT
aTT2
1ATT3
ATT4
6 ATTS
user
use2
uses
0 UsEs L Or0}

Zoom (100%)
Visible: /| Sorted by: |l o M
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

= Let’s setup our model. Two options:

- -
SmartPLs  Edit Calculate

® o =« ® o » = : ® ® ©
oo et

Calculate Select  Latentvariable Connect Quadraliceffect Moderatingeffect  Gaussiancopula  Comment  Delete

s
TAM_Model s ' E

2) With ALT pressed,
S Select dalaset | 3) With ALTSHIFT pressed, drag latent variables to align indicators.

\

Coloring
4 &

Defaults

oBs
USEF1

2 user2
USEF3.

* users
Eout
Eeouz
Eous
Eous
B
B2
B3
ATt

-]

a2
ATTs
ATT4
ATTS
uset
use2
uses
uses

Bost correlation USEF4 <> USEF3 : 0731 Zoom (100%)
Visible: Al Sorted by: Inex asc < > -
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B.3.2. CREATING PROJECTS WITH SMARTPLS

=>FIRST STEPS

WismartPLs 4 X

SmarPLS  Edit Calculate

@@ 2 (® o » & @ ®w ® &

Save  Calculate Select  Latentvariable  Cornect Quadratic effect  Moderating effect ~ Gaussiancopula  Comment  Delete

TAM_Model
S Selectdataset

and (for a moderating effect).

0 o8s
1 UsEF1
2 userz
3 UsEFs
4 UseFs
s Eout
o Eou2
7 EOU3

MIN 0,00 MAX 11,00 MEAN 3,76 MEDIAN 3,00 STDEV 2.37 MISSING 0

Visible: Al Sorted by: Indox asc
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B.3.2. CREATING PROJECTS WITH SMARTPLS
=>»FIRST STEPS

TAM_Model

g

0 o8s.
USEF1
user2
USEF3.

users
Eout

Eous
Eous
Bt
B2
B

a2
ATt
ATTa
ATTS
user
use2
) uses
 uses

MIN 0.00 MAX 1100 MEAN 376 MEDIAN 3,00 STDEV 237 MISSING 0

Visible: 1 Sorted by: [1c0x 1o

101

B.3.2. CREATING PROJECTS WITH SMARTPLS
=>FIRST STEPS

= ° o

TAM_Model “WhAL' J;Wimlu
& | e
BS E — . .
veers - r
useFe ==
Eout =3
e ), u
— 4. Let’s do a “software
B2 | oro | . .
=1 jam session” on all
S — buttons and sections.
s
ATTS
user (o0
use2 [T
uses [or0 1
Use4

MIN 000 MAX 11,00 MEAN 376 MEDIAN 5,00 STDEV 237 MISSING 0

Visible: /. Sorted by: 1 e
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B.3.3. SMARTPLS PROCEDURES
=> INTRODUCTION

® Two main procedures:
OPLS Algorithm;

OBootstrapping.

104
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B.3.3. SMARTPLS PROCEDURES
= PLS ALGORITHM

® |n PLS path modeling, parameter estimation is accomplished through a
multi-stage algorithm.

B Stages involve a sequence of regressions in terms of weight vectors.

Olteration leads to convergence on a final set of weights.

® Weight vectors obtained at convergence satisfy fixed point equations.

105

B.3.3. SMARTPLS PROCEDURES
=>PLS ALGORITM

® This calculation is important mainly for the measurement model:

OStandardized loadings of the items;
OReliability and validity assessment;
OExplained variance of the endogenous variables;

OMulticollinearity assessment.

Olt uses the CCA - Confirmatory Composite Analysis (and not the CFA -
Confirmatory Factor Analysis, like in CB-SEM).

106
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B.3.3. SMARTPLS PROCEDURES
= PLS ALGORITM

WiSmartpls 4

SmartPLs  Edit

0 0B :

&

Visible: A Sorted by:

€ importance-performance map an¥

€ PLSpredit

€6 Consisent PLS-SEM booistapping

MIN 0,00 MAX 11,00 MEAN 376 MEDIAN 3,00 STDEV 2,37 MISSING 0

Quadratic effect

Moderating effect

Gaussian copula

i

Delete

>

Comment

2-click in emply space to create new latent variables.
LT pressed, draw a connection between two latent variables or a latent variable and another connection (for a moderating effect).
\LT+SHIFT pressed, drag latent variables to align indicators.

Finite mixture (FIMIX) segmentation

Prediction-oriented segmentation (POS)
tation

ion (POS)
Consistent algorithms

Consistent PLS-SEM aigorithm

\
on B el S0ER e

1. To run the PLS-SEM Algoritm, go to
Calculate tab > PLS Algorithm
or
Calculate icon > PLS Algorithm

Indexasc
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B.3.3. SMARTPLS PROCEDURES
=>PLS ALGORITM

7 PLS-SEM algorithm

imator of latent vari

equence of partial regres

The partial least squares structural equation modeling (PLS-SEM)

composite-based
ally, the PLS-SEN

More info
ructural equation models. Es: jorithm i

ions

108
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B.3.3. SMARTPLS PROCEDURES
= PLS ALGORITM

W SmantpLs 4 - ] x
SmantPLS  Export

E— = 3. Analyse the values of the item
o loadings

v Graphical
Graphical output
v Final results.

» Path coficients

4. Analyse the path coeffficients.

B.3.3. SMARTPLS PROCEDURES
=>PLS ALGORITM

Wi smartpLs 4 - 8 X
SmartPLs  Export

= e (e (2 alyse the R? of endogenous
S variables.
v Final results .

» P

v Aigorithm
» Setting
Stop criterion changes
P imum sampl size
Execution log
¥ Model and data
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B.3.3. SMARTPLS PROCEDURES
= PLS ALGORITM

B.3.3. SMARTPLS PROCEDURES
=>PLS ALGORITM

Bismartls 4

SmartPLs  Export

v Graphical

‘Graphical output wn e
v Final results

¥ Model and data
Inner model
Outer model

» Indicator data (original)

7. Analyse data from the default report.

112
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B.3.3. SMARTPLS PROCEDURES
= PLS ALGORITM

Jam session on the report.

113

B.3.3. SMARTPLS PROCEDURES
= BOOTSTRAPPING

® Bootstrapping provides t-values for:
Olnner (structural) model path coefficients;

OOuter (measurement) model item loadings.

® Bootstrapping procedure provides mean values for:
OWeights in the inner (structural) model;
OWeights in the outer (measurement) model;

OOuter (measurement) model item loadings.

114
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B.3.3. SMARTPLS PROCEDURES
=»BOOTSTRAPPING

® This calculation is important for both the measurement and structural
models:

OEstimates t-values of item (factor) loadings (outer model) and path coefficients (inner
model);

OEstablish a number of subsamples to be created (e.g. 500, 1000, 5000);

ORandomly selects the same number of cases of the original database (with
replacement), and estimates the model 500 (or 1000, or 5000) times;

OCases are drawn with the probability of 1/(nb. of cases) from the data set (a specific
case may be selected 0 to (nb. of cases) times when creating a bootstrap subsample).

115

B.3.3. SMARTPLS PROCEDURES
=»BOOTSTRAPPING

W SmartPLs 4 - 8 X

& PLS-SEM al

omment

TAM_Model % nalysis (IPMA)
= o PLSpr
0 oBs @€ Finite

uuuuu @ Predicti
¢ |- =
e o RN = P 1. To run the Bootstrapping, go to

s EOU2 & Consistent PLS-SEM algorithm

AECRM ¢ conomirissmiooners | : ) Calculate icon > Bootstrapping
. o B . or
S Calculate tab > Bootstrapping

jon-orlented segmentation (POS)

sssss

MIN 000 MAX 11,00 MEAN 376 MEDIAN 3,00 STDEV 237 MISSING 0
Nisible, & Sortedby.
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B.3.3.

SMARTPLS PROCEDURES
=»BOOTSTRAPPING

W Bootstrapping

ore

Subsamples

Test type

Significance level

Random number generator

Bootstrapping s a nonparametric procedure that can be used to test statistical significance of
PLS-SEM results such path coefficients, outer weights, Cronbach's alpha, HTMT, and R"2

More info

[ 's00 =

V| Do parallel processing

Most important (faster) =
Percentile bootstrap -
Two tailed -
0,05

Fixed seed ~

2. Define the number of subsamples.

Initial assessment: 500 is enough.
Final results: 5000 is adequate.

3. Define test type and significance level.

By default two-tailed and significance level
of 0.05.

4. Press ‘Start calculation’

Defaul settings

/| Open repoy
Close Start calculation
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B.3.3.

SMARTPLS PROCEDURES
=» BOOTSTRAPPING

RiSmatPls 4

SmatPLs  Export

v Graphical
Graphical output
 Final results
» Path coefficients
» TotalIndirect effects
» Specifc Indirect effects
> Total effects
» Outer loadings
» Outer weights
v Algorithm
» Setting
Execution log
 Histograms
» Path coefficients histogram
» Indirect effects histogram
» Total effects histogram
» Outer weights histogram
¥ Model and data
Inner model
Outer model
» Indicator data (original)
Indicator data (standardized)

I_ .

5. Analyse the P values or T-statistics of
the outer loadings.

6. Analyse the P values or T-statistics of
the path coefficients.
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B.3.3. SMARTPLS PROCEDURES
= BOOTSTRAPPING

7. To change P values / T values, use
these commands.

B.3.3. SMARTPLS PROCEDURES
=» BOOTSTRAPPING

mmmmmmmmmmm

‘‘‘‘‘‘‘‘

‘‘‘‘‘‘‘‘‘‘

8. Analyse Report.

120
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B.3.3. SMARTPLS PROCEDURES
= BOOTSTRAPPING

W smarpLs 4 - 8 x
SmartPLs  Export

Inner model Outer model Highlight paths. (56%)

~ || Pvalues ~ [Pvalues <] ot

v Algorithm
» Setting
Execution log
v Histograms
» Path coefficients hist

» Outer welghts histogram
¥ Model and data

Inner model

Outer model
» Indicator data (original)
Indicator data (standardized)

9. Analyse data from the report.

121

B.3.3. SMARTPLS PROCEDURES
= BOOTSTRAPPING

BismartpLs 4 - 8 x
SmartPLs  Export

Constructs Inner model Outer model Highlight paths. oo (56%)

Graphical
Graphical output
v Final results

10. Again:
Jam session on the report.

» Outer weights
¥ Algorithm
» Setting
Execution log
v Histograms
» Path coefficients histogram

v Model and data

in data (original)
Indicator data (standardized)
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123

B.3.4. EVALUATING PLS-SEM MODELS

= STEPS

= STAGE 1: Measurement model
= STAGE 2: Structural model.

= Measurement Models:
= Reflective measurement models;
= Formative measurement models; j

= Structural Models. j

= The two-stages process is followed (Hair et al., 2021):

| Reliability |

validity |

| Assessment of effects |

| Assessment of prediction quality |

124
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

[ A - Indicator Reliability ]

Outer loadings

[ B - Internal Consistency ]

Cronbach’s alfa (a); Composite reliability (CR).

[ C - Convergent Validity }

Average Variance Extracted (AVE).

[ D - Discriminant Validity }

Fornell-Larcker criterion; HTMT; Cross loadings.

125

B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

[ A - Indicator Reliability ]

The item loadings should be higher than 0.70 (Hair et al., 2017; Hair et al., 2019).
Hence, the squared loadings are approximately higher than 0.50.

FEEEEEER=333313

a3

There is an issue here. We

can drop this indicator if it is
L probemate )
126
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

-
[ B - Internal Consistency J

= The Cronbach’s alphas need to be higher than 0.70 (or 0.60) (Hair et al., 2019).
= The composite reliabilities need also to be higher than 0.70.

Composite reliablllty (rho_a)

Average varlance extracted (AVE)

Composite relabllity (iho_c)
0848 0852
079

0733 0792

0936 0941
0825 0848

0951
0,894 0738
0685

0,807

0,846 0851
0,305 0781

0843 0843

All the constructs show a
and CR above 0.70.
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

-
[ C - Convergent Validity J

= Average Variance Extracted (AVE) should be higher than 0.50 (Hair et al., 2019).

ce extracted (AVE)

Average varian

Composite reliability (iho_c)

Composite reliability (rho_a)

Actual Use 0733 0752 opin 0852
Atttute Toward Using 096 0041 0051 0708
oezs [ 0804 o738
0,846 0,851 0‘397. 0,685
) o8 0003 o761

All the constructs show AVE
above the threshold of 0.50.
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B.3.4. EVALUATING PLS-SEM MODELS

= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

D - Discriminant Validity

= Fornell & Larcker (1981): the AVE for each variable
needs to be higher than the correlation between
that variable and all the other variables.

Perceive d Usefulness

ofUse Perceived Ease of Use

Benavioral

Attitute Toward Using

0872

Fornell & Larcker rule is
fulfilled.
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B.3.4. EVALUATING PLS-SEM MODELS

= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

D - Discriminant Validity

= Heterotrait-monotrait Ratio: needs to be below 0.90
for all the latent variables (Hair et al., 2019).

HTMT values are within the
limits.

avioral Intention of Use  Percelved Ease of Use _Perceived Usefulness

Attitute Toward Using  Beh

Heterotrait-monotrait ratio (HTMT)
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF REFLECTIVE MEASUREMENT MODELS:

(o )
[ D - Discriminant Validity ]

= Cross-loading: the loadings with the related latent
variables should be higher than the loadings with
the other variables included in the model T R ST ——
(Hair et al., 2017).

All the loadings are higher
for the related latent
variables than for the others.

131
B.3.4. EVALUATING PLS-SEM MODELS
= STEPS
= ASSESSMENT OF FORMATIVE MEASUREMENT MODELS:
( )
Indicator relevance/
Content Validity
L Do the indicators or items “make sense”? Do they comprehensively capture the essence of the latent factor?
(~ R
[ Convergent Validity J
Redundancy analysis; or Nomological Validity.
L Or with other constructs indicated by the theory (nomological validity)? )
( A
[ Multicollinearity }
Variance Inflaction Factor (VIF).

. J
s A
[ Indicator Significance }

L Outer Weights of formative indicators. )

132
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF FORMATIVE MEASUREMENT MODELS:

( Indicator relevance/
Content Validity

= Include a comprehensive set of indicators that exhausts the formative LV.

= Should be identified by using a rigorous qualitative approach (e.g. experts assessment)

= Perform a literature review to guarantee a theoretical grounding during the process of construction of the
measures (Hair et al., 2017).

= Example:

The service is good. |

Satisfaction The personnel is friendly. |

The rooms are clean. |

- Source: Adapted from Albers, 2010.

133

B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF FORMATIVE MEASUREMENT MODELS:

r
{ Convergent validity J

= Redundancy analysis
= High correlation between the formative measure of LV and a different measure for the same LV (reflective).
Should be higher than 0,7 or R? of endogenous LV above 0,50.(Hair et al., 2017).

= Example:

The service is good.

| appreciate this hotel.

I’ am looking forward to staying Satisfaction Satisfaction The personnel is friendly. |

The rooms are clean.

in this hotel
| recommend this other to
others.

= Other possibility is to relate with a global item (single item LV).

Source: Adapted from Albers, 2010.

- = Or with other LV indicated by the theory (nomological validity).
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF FORMATIVE MEASUREMENT MODELS:

-
{ Multicollinearity }

= Look at VIF of the formative LV.
= VIF needs to be below the value of 5,0 (Hair et al., 2011; Hair et al., 2017).

= If the level of collinearity is higher than 5,0 for a LV, some item needs to be removed. It is necessary to have
VIF<5,0 to advance with the analysis.

*  What item?
= One that exhibits bivariate correlations above 0,60.
= Still, the remaining indicators need to capture the construct’s content from theoretical perspective.
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF FORMATIVE MEASUREMENT MODELS:

-
{ Indicator Significance }

= We need to analyses the outer weights of the formative LV.

= The outer weights in formative measurement are usually bellow than the outer loadings of reflective LV (Hair et
al., 2017).

= The outer weights of the indicators of formative LV, need to be significant (Hair et al., 2017).
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:

o If the existing goodness-of-fit measures were widely accepted, it would be helpful... (GoF, SEME,
RMS, co---)

o So, usually the following results are presented:
1. Analysis of collinearity (VIF);
2. Coefficients of determination (R2);
3. Effect size (f2);
4. Predictive relevance (Q2).

5. Size and significance of path coefficients (hypotheses evaluation).

137

B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:

1. Analysis of collinearity (VIF)
* VIF values need to be below 5,0 (Hair et al., 2019).

= TAM example:

Adtitute Toward Using Behavioral Intention of Use Perceived Ease of Use

All the VIF values are
below the cutoff 5,0.

138
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:

2. Coefficients of determination (R?)
Examine the R? of the endogenous LVs. Evaluation (Hair et al., 2011):
R2>0,75 — Substantial;
* 0,50>R%>0,75 — Moderate;
« 0,25>R?2 >0, 50 — Weak.
Even so, sometimes to present values above 0,10 is considered satisfactory (Raithel et al., 2012; Falk & Miller, 1992).

TAM example:

Three variables show

R2 a bOVe O, 10' bUt \ R-square R-square adjusted
one of the variables Actual Use 0,052 0,051
show a ve ry wea k R2 Attitute Toward Using 0,194 0,192

( RZZO,OS 2) . Behavioral Intention of Use 0,230 0,229
Perceived Usefulness 0,192 0,191
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:

3. Effect size (f?)
* Assesses the relevance of removing an exogenous LV as a specific predictor of an endogenous LV. Rules of thumb (Cohen,
1988; Hair et al., 2017):
* 250,35 - large effect size;
©  0,15>f2 >0,35 — medium effect size;
« 0,02>f2 >0,15 — small effect size.

V
[

TAM example:

Perceived Usefulness

Perceived Ease of Use

Behavioral Intention of Use

Actual Use Attitute Toward Using

S Aciuai Use

Small Effect sizes

0,086 0,238
0,069 0,162

Perceived Ease of Use

Perceived Usefulness

Medium Effect sizes
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:
4. Predictive relevance (Q?)

* Uses the blindfolding procedure. Removes specific values of the samples and replaces those values by the mean and
estimates the model parameters (Rigdon, 2014).

«  Small differences between the predicted and the initial values lead to higher Q?, so higher predictive relevance.
Reference values (Hair et al., 2019):

*  Q2>0,50 - large predictive relevance;
* 0,25>Q%>0,50 — medium predictive relevance;
* 0,0>Q%0,25 — small predictive relevance.

* How to obtain Q??
*  Follow the path:

* Calculate > PLSpredict > PLS setup > Start calculation
¢ Report:

* LV prediction summary

141

B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:
4. Predictive relevance (Q?)

* Uses the blindfolding procedure. Removes specific values of the samples and replaces those values by the mean and
estimates the model parameters (Rigdon, 2014).

+  Small differences between the predicted and the initial values lead to higher Q?, so higher predictive relevance.
Reference values (Hair et al., 2019):

« Q2>0,50 - large predictive relevance;
* 0,25>Q%>0,50 — medium predictive relevance;
* 0,0>Q%0,25 — small predictive relevance.

4 N

= TAM example:

Q?predict
Actual Use

Attitute Toward Using

Behavioral Intention of Use

Perceived Usefulness

Small predictive relevance ‘
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B.3.4. EVALUATING PLS-SEM MODELS
= STEPS

= ASSESSMENT OF STRUCTURAL MODELS:
5. Size and significance of path coefficients (hypotheses evaluation).

(
= TAM example:

Analysis of path coeffficients.

143
B.3.4. EVALUATING PLS-SEM MODELS
= STEPS
= ASSESSMENT OF STRUCTURAL MODELS:
5. Size and significance of path coefficients (hypotheses evaluation).
( )
= TAM example:
Analysis of T-statistics of the path
coefficients.
144
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145

B.3.5. MEDIATION
=»DEFINITION

® Avariable functions as a mediator when it meets
the following conditions (Baron & Kenny, 1986):

Mediator

O Variations in levels of the independent variable .
Variable

significantly account for variations in the
presumed mediator (i.e. Path a)

Patha Path b

Independent Dependent
Variable Variable
Path ¢

O Variations in the mediator significantly account
for variations in the dependent variable (i.e. Path
b), and

O When paths a and b are controlled, a previously
significant relation between the independent and
dependent variables (i.e. Path c) is no longer
significant.
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B.3.5. MEDIATION
=»DEFINITION

® Partial Mediation:

O The independent variable still has a significant direct
effect on the dependent variable.

Mediator
Variable

O The magnitude of the influence of Path c is diminished
(but still significant) upon introducing the mediator

variable (and Paths a and b). Patha Path b

® Full Mediation:

O The independent variable does not have a significant
effect on the dependent variable after inclusion of the
mediator variable. That is, the effect of the
independent variable on the dependent variable is not
significantly different from zero.

O The magnitude of the effect of Path c drops to zero.

147

Independent Dependent
Variable Variable
Path ¢

B.3.5. MEDIATION
=>Example

® Sometimes in SEM, the mediating effects are suggested but often not explicitly
tested.

OFor example, it is already known that social presence impact on trust and enjoyment in
online environments, but few studies investigate whether this social presence mediates
the influence of other variables on trust and enjoyment.

OFor example, consider this research model:

OOur database:

Perceived
Social
Presence

® Study about the online shopping experiences;

® 216 responses from a survey;

® Respondents: online shoppers;

" They were identified as online shoppers in

an online clothing store.
Telepresence

148
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B.3.5. MEDIATION
=» Example

® Measures:

PERCEIVED SOCIAL PRESENCE (Gefen & Straub, 2003)
(seven-point Likert scale anchored with strongly disagree to strongly agree)

PSP1 There was a sense of human contact on the [X vendor site/Internet e-commerce site].
PSP2 There was a sense of sociability on the [X vendor site/Internet e-commerce site].
PSP3 There was a sense of human warmth on the [X vendor site/Internet e-commerce site].

TELEPRESENCE (Kim & Biocca, 1997)
(seven-point Likert scale anchored with strongly disagree to strongly agree)

TL1 | forget about my immediate surroundings when | am on the [X vendor site/Internet e-commerce site].

TL2 Browsing the [X vendor site/Internet e-commerce site] often makes me forget where | am.

TL3 After browsing the [X vendor site/Internet e-commerce site], | feel like | come back to the “real world” after a journey.
TL4 Using a [virtual world/web site] creates a new world for me, and this world suddenly disappears when | stop using it.

PERCEIVED USEFULNESS (Chen, Gillenson & Sherrell, 2002; Moon & Kim, 2001)

(seven-point Likert scale anchored with strongly disagree to strongly agree)

PU1 The [X vendor site/Internet e-commerce site] provided good quality information.

PU2 The [X vendor site/Internet e-commerce site] improved my performance in assessing product features.
PU3 The [X vendor site/Internet e-commerce site] increased my effectiveness in assessing product features.
PU4 The [X vendor site/Internet e-commerce site] was useful for assessing product features.
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B.3.5. MEDIATION
=>»Example

® Measures:

TRUST (Gefen, Karahanna & Straub, 2003)
(seven-point Likert scale anchored with strongly disagree to strongly agree)

TRS1 | felt that the [X vendor site/Internet e-commerce site] was honest.

TRS2 | felt that the [X vendor site/Internet e-commerce site] was trustworthy.

TRS3 | felt that the [X vendor site/Internet e-commerce site] cared for customers.

TRS4 | felt that the [X vendor site/Internet e-commerce site] provided me with good service.

ENJOYMENT (Koufaris, 2002; Agarwal & Karahanna, 2000)

(seven-point Likert scale anchored with strongly disagree to strongly agree)

ENJ1 | found my visit to the [X vendor site/Internet e-commerce site] to be interesting.
ENJ2 | found my visit to the [X vendor site/Internet e-commerce site] to be entertaining.
ENJ3 | found my visit to the [X vendor site/Internet e-commerce site] to be enjoyable.
ENJ4 | found my visit to the [X vendor site/Internet e-commerce site] to be pleasant.
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B.3.5. MEDIATION

=» Example

" The results of the structural (inner) model are:

Perceived
Social Presence
R2=2

-0.186*

0.316**%3 Perceived
Usefulness
0.465%** \

Telepresence =
0.122*

enjoyment and a negative on perceived usefulness.

151

Enjoyment
38.9%

" Telepresence seemingly has no impact on trust, has a positive impact on

B.3.5. MEDIATION

=>»Example

® Let’s try to get there with the file: RetailSite.csv.

® Analyse the measurement model
O Reliability;

O Validity;

® Analyse the structural model.

152
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B.3.5.

MEDIATION

=» Example

® Something like this?

153

PSP1
0934, Tvalue
4,946 PU1
PSP2 0,957 el
0,824
— 0,958 " \ —o0.924% PU2
Perceived Social Presence Tvalue 0922
oes Tvalue 6,874 Perceived Usefiines ™% B3
’ 0,386 erceived Usefulness
= 8,168 s~ ~a
PU4
0813 Tvalue
2,477  Tvalue
0801 0,396 .
) >
s 0588 0,557—0, 0,825
% 0,884
0,689 >
& Telepresence 4
4 Trust
0,122,
Tvalue ENJ1
2,087
0918
ENJ2
08737
0,389
0,933
> e
0878
Enjoyment
ENJ4

Cronbech's alpha  Composite relabity (tho_a)  Composite reiabifty rho_c) Average variance extracted (AVE)

0811

0502

0802

o721

Enjoyment  Percelved Social Presence  Perceived Usefulness  Telepresence

Enjoyment
e Perceived Social Presence
Perceived Usefulness
0801
TRS2 025 08
Perceived Social Presence _ Perceived Usefulness  Telepresence
Uit Enjoyment
Perceived Sacial Presence
TRS4 Perceived Usefulness
Telepresence
Trust

B.3.5. MEDIATION

=>»Example

® Something like this?

PSP1

B4
0,824
0,924

092

154
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PU3
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Perceived Usefulness Y
PU4
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& Telepresence 0874,
L Trust
0,122
ENJ1
4
0918
ENJ2
3 0873
0,389 005
=T
0878
Enjoyment
ENJ4

Cronbachs alpia  Composie relabilty (rho_a)  Composite relabity (rho_c)

Average variance extracted (AVE)

Enjoyment 0925 05 o811
Perceived Social Presence 0953 0585 0502
Percelved Useluiness. (B0 [ 0p02
Telepresence 082 087 0p41
Tust 1004 og4 o

Enjoyment

Percelved Social Presence  Perceived Usefulness  Telepresence

O
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TRS3 Enjoyment.
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B.3.5. MEDIATION
=» Example

" What if we omit the perceived social presence (mediator)?

Perceived
Usefulness
. R%=0.3%

.......... 0.209%**
Enjoyment
@ 0.388*** R=15 0%

" Now, telepresence has a significant direct effect on both trust and
enjoyment (but not on perceived usefulness).

155
B.3.5. MEDIATION
=>»Example
® Something like this? o
T ‘0‘804 g
T4 ‘u]n:"""'s‘"':\ Trust ™ TRS4
/00‘5;7* BN
NI ey
Enjoyment oo .
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So, it seems that:

The direct effect that telepresence has on trust, is fully mediated by
perceived social presence.

The direct effect that telepresence has on enjoyment, is partially mediated
by perceived social presence.

157

Moderation Effects
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B.3.6. MODERATION EFFECTS

® How depict moderating effects in a PLS Path Model when the
software only permits drawing direct effects?

® How estimate and interpret the coefficients of moderating
effects?

Moderation

Variable
Independent Dependent
Variable Variable

® How determine the significance of moderating effects?

® How do formative versus reflective latent variables influence
the detection, estimation and interpretation?

® Before model estimation, how prepare the data?
O Should indicators be centered? (e.g. mean of zero);

O Should indicators be standardized? (e.g. mean of zero and
standard deviation of one)

O Manipulated in some other way?

159

B.3.6. MODERATION EFFECTS
= WHAT’S THE RELEVANCE?

® Simply investigating the direct impact of one exogenous latent variable upon an endogenous
variable belies the possibility of more complex, ‘cascading’ cause-and-effect relationships.

O Especially with respect to human behavior.

O gor example, consider the factors that influence what clothes you might wear on any particular
ay:

® Function you are attending
® People you will be around

® Weather (hot/cold; wet/dry; sunny/cloudy; seasonal influences; etc.)

® Moderating effects are not regarded, even if literature points out their relevance for explaining
complex cause-effect relationships.

® For example, levels of experience and age using computer technology is known to impact technology
acceptance, but, usually, studies do not look for interactions of experience with other exogenous variables on
technology acceptance.

160
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B.3.6. MODERATION EFFECTS
= TWO APPROACHES

APPROACH 1

® Introduce and evaluate interaction terms in the structural model
O Also called product indicator approach
O Best for continuous moderator variables
O Independent and moderator variables are both reflective.

APPROACH 2

® Determining moderating effects through group comparisons
O Best for categorical moderator variables, or otherwise non-continuous and discrete variables.
O Or they can be made discrete (e.g. high value — low value groupings)
O Also must be reflective indicators.

161

B.3.6. MODERATION EFFECTS
= INTERACTION

® Involves a moderator variable which may be:
O Qualitative (e.g. gender, race, ...)

O Quantitative (e.g., age, income, firm size, ...)

" The moderator, in turn, affects the direction and/or strength of the relation between the independent (or
predictor) variable and a dependent (or criterion) variable.

® Thus, moderator variables provide information as to the conditions in which we would expect a relationship
between two variables to exist.

® SmartPLS offers a latent variable modeling approach for better estimation and detection of the interaction effect
between quantitative (i.e., continuous) predictor and moderator variables.

® Product Indicator approach:

O Product term (x*z) used to examine the influence that a moderator z would have on the relationship between the
predictor x and the dependent variable of interest y.

162
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B.3.6. MODERATION EFFECTS
= INTERACTION

® Shall we start with this model?

® We will now include a variable related with the total expense of the items in the online store.

0,865
Percelved Usefulness™

0701
& Telepresence
T4
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B.3.6. MODERATION EFFECTS
= INTERACTION

B Let’s test if the total expense moderates the impact of telepresence in trust and enjoyment:

B Smartpl

0 susJ
1T
2 T2
ER T
' TLa
5 PSPt
© PsP2
7 PsP3
o Eout
o Eouz

® o = Q ®©® & @G ‘a ) ®

Back Save  Calculate Select

Retail_|

B ceciammset || 3) Wit ATISHIFT prossen, ara

LS4

SmartPLS  Edit  Calculate

Latent variable ~ Connect ~ Quadraticeffect  Moderating effect ~ Gaussian copia  Comment

Model 1) Double-sickin empty space to
2) Wih ALT pressed. craw a con

Telepresence

ENJ1

ENJ2

ENJ3

Enjoyment
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B.3.6. MODERATION EFFECTS
= INTERACTION

B Let’s test if the total expense moderates the impact of telepresence in trust and enjoyment:

[rsmrss - o x

l SmatPLs Egt  Cakulate

a & L2 ® o

Quadravcs%ect  Modoratingeffoct  Gaussian copula  Comment  Dolato

Standard algorithms.

@ pis-
Retail Model 1 Couiecc [ — —
[wmALTH 2 went e an ancthr connecton (ora modera TRy
SWANALTH! 08 Contmator evad anayses (CTA)

08 importance-pertormance map anayss (PMA) Coloring
OF PLspredict LK)
€@ Frite mxure (FIMIX) segmentaton

Dotauts
@ Precicion-oriented segmentaton (POS)
o P2 5
¢ I
e

Consistent algorithms.

© Consetent LS. EMagurinm
108 Consistent PLS-SEM boctsirapping
e
Ye

Enjoyment

(100%)
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B.3.6. MODERATION EFFECTS
= INTERACTION

® Now the results: )

Amount -> Enjoyment

Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV) P values

Amount > Trust

Telepresence -> Enjoyment

Telepresence -> Percelved Usefulness

PUI Telepresence -> Trust

0,101 Amount x Telepresence -> Enjoyment
0005 PUZ

Amount —0,000—} Amount x Telepresence -> Trust

00045

0,050 (0,623) o PUS

Sa

PU4

W 00
Amount Perceived Usefulness

™ % 0087 (0271) B
3 0,080 (0,280
0.000 0170 0015) 0,000
T2 !
0,000 3
0,000 167 (00— 0,000
Lt e

0,198 (0,004)

0,362 (0,000) 0.000

ENg2
~ 0,000
0,000
SN
0,000,
Enjoyment
ENJ
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B.3.6. MODERATION EFFECTS
= INTERACTION

® How about a graphical analysis of this moderation effect?

167
B.3.6. MODERATION EFFECTS
=» INTERACTION
® How about a graphical analysis of this moderation effect?

SmarPLs  Export

Simple slope analysis - Amount x Telepresence | Copy char

Amount x Telepresence

\

Model selection criteria o7
v Algorithm 0
11 1 03 08 -07 06 05 -04 03 02 01 -0 01 02 03 04 05 06 07 08 03 1 11
Telepresence

= Amount at -1 SD = Amount at Mean = Amount at +1 SD

o _
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® The same model?

PU3

PU4

0,891

0,700
& Telepresence

T
"
0,804
TL2
0,795
0,388,

ENJ1

0919
ENJ2
~_o0.8877%

0.926.
> e
0,865

Enjoyment
ENJ4
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® We will now include a variable related with the total expense as the variable that enables the
construction of groups.

]

Newproject  PLS.SEM  REGRESSION ~PROCESS

170
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® We will now include a variable related with the total expense as the variable that enables the
construction of groups.

W Smartpls 4 - o x

SmartPLs  Edt

& )

Addgroup  Genzrate groups

®

Export to Excel / CSV.

28 indicators with 216 cases and @ missing vaiues  zeom (100%) Gopy 0 Excel
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B.3.6. MODERATION EFFECTS
=» MULTIGROUP ANALYSIS
® \We saw that amount has a mean value of 191,5 euros.
® We will define 2 groups:
® High: values > 191 euros
® |ow: values <191 euros
e — - [
c—mmfee
172
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® We get these two groups:

e = a2 a @ Fi

Bak  Sewp Addgcn  Generlegroups Cleargroups  Exportio Excel/CSV
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® Now the analysis:

F
LS
8
z
8

(100%)

§
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® Now the analysis:

R Bootstrap multigroup analysis

Groups B

] High High /
v Bis«

Selectall

/| Open report
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B.3.6. MODERATION EFFECTS
= MULTIGROUP ANALYSIS

® Results:

Original (High)

riginal (Low) Mean (High) tean (Low) STDEV (High) ~ STDEV (Low) tvalue (High)  tvalue (Low) p value (High)

o
Telepresence -> Enjoyment .
Telepresence > Perceived Usefulness. 0094 0,237 0,101 0,254 0,127 0,004 0,736 2,520 0,462 0,012
Telepresence > Trust 0311 0,054 0329 0,006 0,072 0,208 4319 0,258 0,000 0,79

Difference (High-Low) tvalue (JHigh vs Low])

p value (High vs Low)
Telepresence > Enj

Teleprese

0331 2035 oty —
0257 1249 0213

Telepresence > Trust
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B.3.7. SECOND-ORDER LATENT VARIABLE
=PDEFINITION
® In the last years, the use of PLS-SEM methods moved
from simple and small models to more advanced model
designs, like higher-order constructs (Sarstedt et al.,
2019). X,
X. 1st OC
X, A
® Higher-order constructs, can also be called as
hierarchical component models in the PLS-SEM. ;
Xs 1st OC 2nd oC
Xq B
® |t refers to a specific framework where a latent variable
(or construct) on a more abstract facet (like a second- X s 00
order construct) combines different dimensions (like :ﬂ Stc
first-order constructs). Therefore, these latent variables .
have additional layers of abstraction, when compared to
first order constructs.

178
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The conceP
theory (refl

B.3.7. SECOND-ORDER LATENT VARIABLE

" Some advantages of high-order constructs:

It helps to overcome the bandwidth-fidelity dilemma;

® Main concerns related with the development of high-order constructs:

=»DEFINITION

It helps to reduce the number of path model relationships within the frameworks — reduce complexity;

%Péer -order constructs help to reduce collinearity between formative indicators (because they are rearranged in
imensions).

tualization and specification of a high-order construct needs to be grounded in a well-supported measurement
ective-R/formative-F) — there are four types of high-order constructs (RR, RF, FR, FF);

References: Hair et al., 2018; Sarstedt et al., 2019

179

The evaluation of the measurement quality of high-order constructs needs to be assessed separately.

There are different approaches to specify high-order constructs (repeated indicator approach, two-stage approach and
hybrid approach);

B.3.7. SECOND-ORDER CONSTRUCTS

Formative - ]

=>TYPES
® There are four types of high-order constructs:
Reflective - Reflective -
Reflective X, X, Formative
% Loc, %, Loc,
X3 X
X, X,
X. LOC, HOC X LOC, HOC
[ x| |

X, X;
X, LOC, X, LOC,

L X X.
X, X,
X Loc, X LOC,
X X3
X, Xy
X5 LOC, HOC X LOC, HOC
Xg LX
X X,
X, LOG, %, Loc,

l Formative -

Reflective

180
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B.3.7. SECOND-ORDER LATENT VARIABLE
=PDEFINITION
® Some advantages of high-order
constructs: In the last years, the use of
PLS-SEM method moved from simple X 1
X st OC
and small models to more advanced = A
model designs, like higher-order
constructs (Sarstedt et al., 2019).
® Three different approaches to model i 1st OC
hierarchical latent variables in PLS-SEM: - B 2moc
The repeated indicator approach;
X
The two-stage approach or sequential X 1st OC
latent variable score method; Xy C
The hybrid approach.

181
B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE
® REFLECTIVE-REFLECTIVE:
Open the file “Strategies_red.sav”;
Replicate the model presented below:
EO itl
EQ_it2 Innovativeness
EO _it3
EO it4
EO_it5 Proactiveness |Per_itl
EO _it6 |Per _it2
50 07 Entrepreneurial International Per 113
EO_it8 Risk Taking Orientation Performance :EZ: :I;‘
EO _it9 |Per _it6
EO it10 Competitive
EO itll Aggressiveness
182
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B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

W SmartpLs 4 - o x

SmarPLs  Edt  Caculate

1. Like this. Now run the usual Processes:

Second._Ord Em\:x?;\;:.:mvlylwuluuul latent variables. PLS-SEM Algorlthm
er 3) With ALT+SHIFT pressed, drag latent variables to align indicators.

B seloctdstase q

e = Bootstrapping

prop_tam IERN

Frot I EO_

Froe I

s I EO_it2

FRW

Froes I €013

we_w I

vz W o

me_s  IE

wes W = . .
o G 2. Attention: All EO items need also to be
coe NNE here
- :
eos  ME =i

eo_s I EO_k8.

seow IE eurial Orientation  =0-'* International Performance

eo_o  ME - 015

eo_vo I

o1 MG SRt €0

o

e IE EO_Competitive_Aggressiveness, B

e N Py 2o (00%)

183

B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

i smanpls 4

SmartPLs  Export

== 3. Results of PLS-S [{e] .
v Final results
et
(ell) [EO_Innovativenes:
b namn \_
£ [EO_Proactiveness_ [
i et P
oo
EO_It7 0,762 % e
oz . : sl
EO_it8 0843 0,791 Lt
i i o nermatona Peteemingy
EO_it9 0,698 ) Lel
[EO_Risk_Taking \A
e
» ic: jinal Eon
" o 20, Computin gpmcshmnace
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185

® REFLECTIVE-REFLECTIVE:

106,550]
133,814,

Eo_ti0
€01

EO_Competitive_Aggressiveness.

International Perform:,

B.3.7. SECOND-ORDER LATENT VARIABLE

= EXAMPLE

4. Results of Bootstrapping.

1Pec ity

1Peci2
2281 &
el
2325
21857

w0 L

1Pec i3

2

~a
32815 ipor s

1Per it

dimensions:

EO_itl
EO _it2
EQ_it3

EQ _it4

EQ_it6

EQ_it7
EQ_it8
EO_it9

Risk-Taking

EO it10 Competitive

186
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® REFLECTIVE-FORMATIVE:

Consider that, based on theoretical support, Entrepreneurial Orientation had 4 formative

Innovativeness

EO _it5 Proactiveness

EO it11 Aggressiveness

Replicate the model presented below:

Entrepreneurial
Orientation

7

¢

B.3.7. SECOND-ORDER LATENT VARIABLE

= EXAMPLE

|Per_itl
|Per _it2
|Per _it3
|Per it4
|Per _it5
|Per _it6

International
Performance
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B.3.7. SECOND-ORDER LATENT VARIABLE
=>EXAMPLE

® REFLECTIVE-REFLECTIVE:

W SmartpLs 4 - o x

SmartPLs Edt  Caculate

A © ® @ @ ®=

Select Latontvariable Comnect Quadratceffect  Moderating offect  Gaussian copula

Like this. Now try to run PLS-SEM
Algorithm.

Per it

Per 2

1Per it3

Eo_it8 i)
eneurial Orientation International Performance
20 Per its
19" Eo_Risk_Taking

nnnnnnn e 16

e EE £0_Compettve_Aggressiveness. ge

Trur (100%)

187

B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

Highiight paths

T S 2. Results of PLS-SEM Algorithm.
Everything seems ok...

o 0225

EO_Risk_Taking .
; ’/ 1 This does not make sense.

EO_Competitive_Aggressiveness

‘m” — <. ) 3. But, we obtain this R%=100%, or 1,000.

© Nuno Crespo 2023 94
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B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

Inner model Outer model Constructs

| Outer weights /loadings  ~ | Resquare

4. Go to the report > Latent Variables >
Scores

E0ts 089
0873

FOM8 g0 _proactiveness

0,349 o7e7 _WPeie
v
e
P
EO_7 . 1,000 07627 h
G2 - : ey
EO_t8 0,843 0.791, e
0862 Entrepreneurial Orientation International Performa; - A&
e ot e
& EO_Risk_Taking \
P
ossd

EO_Competitive_Aggressiveness.

B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

.........

2% | Gopy Excel | [ CopyioR

5. Click on ‘Create data file’

6. Select Manifest variable scores + Latent
variable scores

7. Click on create.
|

8. Press ‘Back’.

190
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® REFLEC

i smarpls 4

SmartPLs Eat  Caluate

Second.Ord  Report
16:37.36 - PLS

er
8 seec
om0 M
prop_tam IEEN
PRt
FRi
R
PR
o FRts
we_t
ez
e
e
ime_ts
et
o
o
ot
o
o
co_ts
Y
co_te
1Eows

E0ts,

€0t

Eo7

o

83

E09

T

E0_t10

8B

Eo0_ut

Vi sorte 1o

Fo o

B.3.7. SECOND-ORDER LATENT VARIABLE

TIVE-REFLECTIVE:

o a &

Inner model

vangon oo~ (D [ (€] [Poncontions =

0899 0
087
EO_Proactivenes?y

Outor weights /loadings  ~ | | Rosquar

D
Comi 0,301

086

o862 Entypfiencuria

0228

EO_Risk_Taking /'

. o
International Performag . -

= EXAMPLE

9. Press ‘Save’.

10. Click on Select dataset.

1Per_it)

orer IPer i
0788

0.7627%
07414

1Por_t
0791

1Per_ ity

\‘w-ua

1Per_its

Zoom (100%)

® REFLEC

B.3.7. SECOND-ORDER LATENT VARIABLE

TIVE-REFLECTIVE:

= EXAMPLE

i Smanpl

SmarPLS  Edit Calculate

Second_Order

£ Stategies re..  Select dataset
Eo_itt1
Eo_iz
Eo_itz
Eo_s
Eo_its

10EO_ e

© Nuno Crespo 2023

Repor
1

5 o
o370 15 ovanges o)~ | (NN [ (%€ [Pancomtions =

“ Highight paths

off

o
Outer weights /loadings  ~

Resquare

11. We now have these new observed
variables, one for each dimension/LV.

12. So, we will delete the second-order
variables, and replace them by the new
observed dimensions.
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B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

WismarpLs 4 - o x

SmartPLS Edt  Calcuate

& & = [ o

nnnnn t  Quadraticeffect  Moderating effect  Gaussian copula  Comment  Delete

Second_Order 1) Double-click in empty space (o cre lables.
Tprn
8 Statog. | Soloctcataset | 3 Wi ALTLSHIFY pessad, rag alot varabies 1o alg ndcators

Eo_n T~ Colon
Eoe 2

ko
o
) €0
100t
11E0_t
12E0_ts
17E0_s
14E0_ts
15E0_18
16E0_
17€0_
10E0_1ts

LV scores -
EO_Competiive_Agaressiveness

Entreprencurial Orientation International Performance

N

1Pec_it5

LV scores - EO_Risk_Taking

EO_It9
Eo_ito
1Per_tt

14. Now we can run the PLS-SEM
Algorithm, and analyse EO like a normal
formative variable.

193

B.3.7. SECOND-ORDER LATENT VARIABLE
= EXAMPLE

® REFLECTIVE-REFLECTIVE:

;;;;;;;;;

‘Graphical output
v Final results
» fents

15. Like this!

v Quality criteria
> Risquare
» t-square

LV scores -
EO_Compeiive_Aggressiveness
LV scores - EO_innovativeness

g
iy
o364, ; 1Per its
£
; Au% e
o7 g 0730
=5
LV scores - EO_Proactveness. g 0gs o787, =

- Entrepreneurial Orientation International Performa; ;&
e size LV scores - EO_Risk_Taking

7
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