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Introduction

Regression methods have become an integral component 
of many data analyses concerned with exploring the rela-
tionships between dependent and independent variables. 
Regression analysis is used in both academia and organiza-
tional settings for (1) calculating if one or more independent 
variables have a significant relationship with a single depen-
dent variable, (2) estimating the relative contribution of dif-
ferent independent variables in explaining the variance of 
the dependent variable, and (3) making predictions (Sarstedt 
and Mooi 2019).

There are several regression analysis techniques that can 
be used to analyze the relationships between a single depen-
dent variable and several independent variables. Multiple 
linear regression is the most widely used multivariate tech-
nique for both explanation and prediction (Hair et al. 2019). 
Prediction refers to the extent to which a set of independent 
variables can predict the values of a dependent variable. 
Explanation examines the strength of the effects (regression 
coefficients) of each independent variable on the dependent 
variable to understand their (relative) importance.

There are many statistical software applications that have 
incorporated multiple and logistic regression, such as SPSS 
and STATA. In these statistical software applications, users 
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This tutorial and case study provides a comprehensive, step-by-step guide to conducting multiple and logistic regression 
analyses using SmartPLS 4. Although SmartPLS is primarily known for partial least squares structural equation model-
ing (PLS-SEM), its latest version includes features that enable researchers to perform and visualize regression analyses 
effectively. The tutorial introduces the theoretical foundations of both standard multiple and logistic regression, outlines 
the main stages of model specification and estimation, and demonstrates how to implement these analyses within the 
SmartPLS environment. Emphasis is placed on key analytical decisions, such as model design, assumption testing, inter-
pretation of coefficients, and goodness-of-fit measures. Practical examples and graphical outputs are included to illustrate 
the implementation process and to enhance understanding of the results.
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usually need to navigate through different windows or write 
several syntaxes to obtain all the results as a table or graph, 
which is needed for regression analysis. This aspect of their 
graphical user interface (GUI) has changed very little in the 
last 30 years. Therefore, their GUI and usability do not fully 
align with current analytical software standards. In contrast, 
the statistical software SmartPLS 4 ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​s​m​a​r​t​p​l​s​.​
c​o​m​/​​​​​; Ringle et al. 2024), which was originally developed 
for partial least squares structural equation analysis (PLS-
SEM), now includes a regression module with a modern 
GUI and other methods, such as necessary condition analy-
sis (NCA; Becker et al. 2026; Dul 2016; Richter et al. 2020), 
importance-performance map analysis (IPMA; Ringle 
and Sarstedt 2016), path analysis and PROCESS analysis 
(Hayes 2022; Sarstedt et al. 2020), covariance based struc-
tural equation modeling (CB-SEM; Jöreskog 1978; Hair et 
al. 2025), and generalized structured component analysis 
(GSCA; Hwang and Takane 2004).

Prior reviews of the SmartPLS software highlight the soft-
ware’s intuitive design and ease of use (Sarstedt and Cheah 
2019; Cheah et al. 2024; Hair et al. 2025). Several textbooks 
(e.g., Hair et al. 2026, 2024; Chua 2024), articles (Matthews 
et al. 2016; Sarstedt et al. 2024; Merkle 2025), and software 
reviews (Memon et al. 2021; Cheah et al. 2024; Sarstedt et 
al. 2024; Hair et al. 2025) have emphasized the potentials of 
the SmartPLS software and provided guidance on its use for 
a wide range of statistical techniques. However, the applica-
tion of the SmartPLS software for regression analyses has 
not yet been documented.

Considering the above, this tutorial article provides guid-
ance on how to conduct a regression analysis using the 
SmartPLS software. To do so, we draw on the case studies 
of multiple and logistic regression analysis used in Hair et 
al. (2019; i.e., Chap. 5 and Chap. 8), which is one of the 
most widely used textbooks on multivariate analyses in 
social sciences (e.g., Black and Babin 2019). The aim of 
our Software Review article is to help researchers reliably 

apply regression analyses by facilitating the use of several 
measures for assessing and interpreting the results.

In the following sections, we describe the case study and 
the methods used for regression model estimation, followed 
by a step-by-step description of multiple and logistic regres-
sion model estimation, and the assessment of results using 
SmartPLS. This software tutorial article concludes with 
additional observations and SmartPLS software extensions, 
which will be available in the near future.

Data and regression models

The case study used for the tutorial is based on a market 
segmentation study executed by HBAT, an actual company 
which manufactures and sells paper products, as described 
in Hair et al. (2019). The sample size is N = 100 and the 
dataset is disguised but represents actual product marketing 
situations. As displayed in Table A1 (in Appendix), infor-
mation about perceptions of HBAT was collected for data 
warehouse classification variables (X1-X5; i.e., core firm 
characteristics and their association with HBAT), actual per-
ceptions of HBAT (X6-X18; i.e., each respondent’s percep-
tions of HBAT on a set of business functions), and outcome 
variables (X19-X23) reflecting respondent’s purchase rela-
tionships with HBAT. The perception variables and most 
of the outcome variables are measured using a 0–10-point 
scale (i.e., with 0 = “Poor” and 10 = “Excellent”). The out-
come variables can be used as the dependent variables in a 
linear multiple regression model example (Hair et al. 2019). 
For this example, we use customer satisfaction (X19) as the 
dependent variable and the independent HBAT perceptions 
variables are shown in Table 1.

For the logistic regression model, we need a binary 
dependent variable. The dataset includes several binary 
warehouse classification variables that can be used as out-
come variables (X1-X5; Table A1; in the Appendix). Follow-
ing Hair et al. (2019), the aim of the logistic regression in 
this case study is for HBAT’s team to assess the relative 
influence of each HBAT’s performance perception variable 
on the observed differences between two customer groups. 
Like Hair et al. (2019), we use the binary variable Region 
(X4) as the dependent variable in the logistic regression 
model example (Table 2). This variable classifies customer 
location into two categories, USA/North America (0) and 
outside North America (1). The independent variables are 
the perceptions of HBAT (Table 2), same as for the multiple 
linear regression.

Table 1  Multiple linear regression model (Hair et al. 2019)
Dependent variable Independent variables
Customer satisfaction (X19) Product Quality X6

E-Commerce Activities/Website X7
Technical Support X8
Complaint Resolution X9
Advertising X10
Product Line X11
Salesforce Image X12
Competitive Pricing X13
Warranty and Claims X14
New Products X15
Ordering and Billing X16
Price Flexibility X17
Delivery Speed X18

https://www.smartpls.com/
https://www.smartpls.com/
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Multiple linear regression

The objective of the multiple linear regression analysis is 
to explain a single metrically measured dependent vari-
able (criterion/outcome) using several independent vari-
ables (predictors/regressors). The dependent variable (DV) 
in a multiple linear regression model should typically be a 
metrically measured variable. In contrast, the independent 
variables (IVs) can be both metric and discrete variables. 
However, discrete variables need to be transformed into 
numerical contrasts (e.g., dummy coding, effect-coding, 
Helmert coding, etc.) before they can be included in the 
model. The most common is dummy coding where the non-
metric (discrete) variables are transformed into a binary 
variable with two categories represented as 0 and 1.

For the data used in our case study, the dependent vari-
able is customer satisfaction (a metric variable) and the 
independent variables are HBAT’s performance perceptions 
(metric variables; Table 1). As shown in Table 1, there are 
13 possible independent variables that could be included 
in the regression model. When selecting the variables for a 
multiple regression, the objective is always to identify the 
best regression model (Hair et al. 2019). Researchers should 
consider three key issues when selecting their variables: 
theoretical justification, measurement error, and specifica-
tion error (not including a meaningful IV). Because omit-
ting relevant variables can bias results, it is generally safer 
to include a potentially irrelevant variable than to exclude 
an important one. We focus on the application of regression 
to a theoretically established model. Note: The use of auto-
mated, algorithm-based variable selection has decreased 
because of the criticisms regarding its atheoretical nature 
and the lack of considerations of factors, such as multicol-
linearity, the presence of outliers and influential data, and 
the interpretability of results (Hair et al. 2019). Therefore, 
this tutorial focuses on applying regression to a theoretically 

established model and does not further consider algorithm-
based variable selection methods.

For the estimation of the regression coefficients, there 
are multiple approaches. For example, the maximum likeli-
hood estimation (ML) or the ordinary least squares estima-
tion (OLS) are both widely used in social sciences research 
(Sarstedt and Mooi 2019). This tutorial focusses on multiple 
linear regression analysis using the OLS estimation method. 
The OLS estimation minimizes the sum of squared differ-
ences between the actual and predicted values of the depen-
dent variable. To do so, we examine the vertical deviations 
between the predicted outcome (ŷi) and the actual outcome 
value (yi), with the goal of minimizing the error in predict-
ing the dependent variable Y. By squaring these differences 
between the actual and predicted values, OLS accounts for 
both negative and positive deviations from the regression 
line.

The estimated regression coefficients are then used for 
explanatory purposes as they indicate the effect of the 
independent variables on the dependent variable (Hair et 
al. 2019). The coefficients directly obtained from the OLS 
procedure are also known as unstandardized coefficients 
and indicate the expected change of the dependent vari-
able when the independent variable increases by one unit 
(Sarstedt and Mooi 2019). However, differences in the 
measurement scales of the independent variables, make the 
direct comparison of the unstandardized coefficients often 
impossible. By standardizing the regression coefficients, a 
common scale and variability is obtained, which usually 
consists in a mean of zero and a standard deviation of one 
(Hair et al. 2019). The absolute value of these standardized 
coefficients, also referred to as beta (β) coefficients, reflect 
the relative impact of a one-standard-deviation change in 
the independent variable on the dependent variable. Thus, 
standardized coefficients allow determining the independent 
variable that has the strongest relationship with the depen-
dent variable.

In multiple linear regression, positive or negative signs of 
the coefficients indicate the direction of the relationships. A 
positive coefficient indicates that an increase in the indepen-
dent variable is related to an increase in the predicted prob-
abilities and vice versa for negative coefficients. In multiple 
linear regression a coefficient with a value of 0 indicates 
that the independent variable has no impact on the depen-
dent variable. The intercept or constant of a linear regres-
sion model indicates the expected amount of the dependent 
variable when all independent variables are zero.

Table 2  Logistic regression model (Hair et al. 2019)
Dependent variable Independent variables
Region (X4) Product Quality X6

E-Commerce Activities/Website X7
Technical Support X8
Complaint Resolution X9
Advertising X10
Product Line X11
Salesforce Image X12
Competitive Pricing X13
Warranty and Claims X14
New Products X15
Ordering and Billing X16
Price Flexibility X17
Delivery Speed X18



V.-M. Margalina et al.

The natural logarithm of the odds (also called logit) is a met-
ric outcome that can range from negative to positive infinity.

ln (Odds) = β 0 + β 1X1 + . . . + β pXp

In the second step these linear models can be transformed 
into a probability, which adheres to the threshold ranges of 
0 and 1. The probability of the outcome being 1 (our focal 
prediction) given the predictor variable can therefore be 
expressed as

P (Y = 1|X) = Odds

1 + Odds
= eβ 0+β 1X1+... +β pXp

1 + eβ 0+β 1X1+... +β pXp

 where ex

1+ex  is the sigmoid function. Because logis-
tic regression employs this logistic transformation of the 
dependent variable, the interpretation of its coefficients dif-
fers from standard linear regression. Specifically, the coef-
ficients represent the change in the log-odds (logit) for every 
unit increase in the independent variable. As these coeffi-
cients do not directly represent changes in the probability 
(but changes in the log-odds, which are hard to interpret), 
researchers often transform these values into odds ratios 
using the exponential function eβ  to make these results 
more intuitive (Hair et al. 2019). Because these values are 
exponents, they are interpreted slightly different. Their 
impact is multiplicative, meaning that the coefficient’s 
effect is not added to the dependent variable (the odds) but 
multiplied for each unit change in the independent variable.

Thus, a logistic regression coefficient of 0 corresponds to 
the odds ratio of 1, meaning that the odds will not change 
when changing the independent variable (they are multi-
plied with 1 and thus stay the same). Unlike the original 
coefficients, where the sign indicates direction, the odds 
ratio is therefore interpreted relative to 1: values greater 
than 1 reflect an increase in odds, while values between 0 
and 1 reflect a decrease. Ultimately, while the two types of 
coefficients require different interpretations, both are essen-
tial for assessing the direction and predictive strength of the 
relationship. Therefore, even though the interpretation of 
the two types of coefficients is different, both are used to 
assess the direction as well as the predictive magnitude of 
the relationship.

Workflow for running the regression analysis

Hair et al. (2019) recommend following these six stages for 
both multiple and logistic regression analysis:

	● Stage 1: Selecting the objectives of the regression 
analysis.

Logistic regression

The logistic regression model, in turn, works similarly to 
regular regression models, with the difference that the 
dependent variable is binary (dichotomous; LaValley 2008). 
Similar to multiple linear regression, the logistic regres-
sion estimates the relationship between the independent and 
dependent variables that best fit the data. Logistic regression 
essentially aims at predicting the probability of the depen-
dent variable being 1 given the independent variables, which 
can be formally expressed by P(Y = 1|X). However, the 
estimation process has some differences due to the binary 
nature of the dependent variable. Unlike linear regression 
that aims at predicting metric outcomes, the predicted val-
ues in logistic regression (i.e., probabilities) should never 
be outside the range of 0 and 1.1 For keeping the predicted 
values within the range of 0 and 1, the S-shaped (sigmoid) 
form of the logistic curve is used for the logistic transforma-
tion of the dependent variable (Fig. 1).

The logistic transformation process is performed in two 
basic steps. In the first step we have a linear model in which 
the log-odds (or logit) are linearly related to the predictor 
variables. The odds are the ratio of the probabilities of the 
two outcomes or events.

Odds = P (Y = 1)
P (Y = 0)

= P (Y = 1)
1 − P (Y = 1)

1   In principle, it is also possible to use a multiple linear regression on 
binary outcomes. This approach is called a linear probability model. It 
suffers from the key limitation that the predicted values can be outside 
the 0–1 interval and therefore represent inadmissible outcomes (e.g., 
predicted probabilities of -20%). However, the literature also discusses 
several advantages of these linear probability models such as easy 
interpretation of the regression coefficients as percentage point change 
that the dependent variable equals 1 (e.g., Lee et al., 2025).

Fig. 1  Multiple linear regression and logistic regression curve (Hair et 
al. 2019; Chap. 8)
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a result, logistic regression needs more observations than 
multiple regression. Although Hosmer and Lemeshow 
(2000) suggest sample sizes above 400, smaller samples 
can still work in practice. Researchers should also con-
sider splitting the data into analysis and holdout samples to 
validate the model. However, the analysis portion must still 
meet the sample size requirements, which increases the total 
sample needed depending on the model’s complexity (Hair 
et al. 2019).

In Stage 3, the researcher must examine the assumptions 
underlying the regression analysis. However, the assump-
tions are different for the two types of regression analyses. 
For multiple linear regression analyses (using OLS), there 
are five assumptions that must be checked (Gauss-Markov 
Theorem): linearity in parameters (the relationship between 
the dependent and independent variables does not need to 
be linear, only the parameters must enter linearly), random 
sampling from the population, no perfect multicollinearity, 
zero conditional mean (exogeneity; meaning the predic-
tors do not contain systematic information about the error 
term), and homoscedasticity (meaning the variance of the 
error term is constant for all values of the predictor; Greene 
2018; Wooldridge 2010). Logistic regression analysis has 
different assumptions, due to the binary nature of the depen-
dent variable. For instance, the assumptions of normality 
and homoscedasticity do not apply for logistic regression. 
Assumptions that do apply for the logistic regression are 
no perfect multicollinearity, independent observations, and 
linearity of the independent variables with the log-odds but 
not with the probability of the outcome variable (Hosmer et 
al. 2013).

After checking whether all the assumptions are met, 
the regression model is estimated and model fit is assessed 
(Stage 4). Stages 5 and 6 focus on the interpretation and 
validation of the results. In Stage 5, the role played by each 
independent variable in the prediction of the dependent vari-
able is examined by interpreting the regression coefficients. 
Finally, the regression model is validated for ensuring the 
generalizability of the results (Stage 6).

After creating the multiple and logistic regression models 
from Hair et al. (2019; Chap. 5 and Chap. 8), we now focus 
on Stage 4 and Stage 5, which deal with the assessment pro-
cedures for the model fit, as well as the significance and 
relevance of the variates. Table 3 provides a quick overview 
of relevant measures to assess model fit, check assumptions, 
and interpret the variate for multiple linear and logistic 
regression.

	● Stage 2: Research design of the regression analysis.
	● Stage 3: Testing the assumptions underlying regression 

analysis.
	● Stage 4: Estimating the regression model and assessing 

overall fit.
	● Stage 5: Interpreting the regression variate.
	● Stage 6: Validating the results.

Stage 1 focuses on selecting the objective of the regression 
analysis, which may be explanation, prediction, or both. In 
this stage, the researcher should select the dependent and 
independent variables and specify the type of regression 
model (i.e., linear vs. logistic) based on the underlying theo-
retical model. Then, in Stage 2, the researcher must design 
the regression analysis by considering the sample size and 
the measurement of the variables. In multiple linear regres-
sion analysis, sample size affects the statistical power of 
significance testing and the generalizability of the results. 
In this case, logistic regression differs from multiple linear 
regression because it relies on maximum likelihood esti-
mation (ML), which generally requires larger samples. As 

Table 3  Measures implemented in SmartPLS for multiple linear 
regression and logistic regression analysis

Multiple linear regression Logistic 
regression

Model fit R2 LogLikelihood
R2 adjusted Deviance 

difference
ANOVA AIC

BIC
McFadden’s R2

Cox and Snell’s 
R2

Nagelkerke’s R2

Confusion matrix
Interpreting the variate
Significance t-values Wald test
Sign Unstandardized and stan-

dardized coefficients
Coefficients 
and exponential 
coefficients

Relative importance Standardized coefficients
Assumptions
Linearity Predicted vs. residuals plot Box-Tidwell 

Test*
Predicted vs. actual values 
plot

Independence of 
residuals

Residual autocorrelation 
plot
Durbin-Watson test

Homoscedasticity Predicted vs. residuals plot
Breusch-Pagan test

Normality QQ plot
Residual histogram

*Box-Tidwell test is not yet included in SmartPLS. It tests the linear-
ity between the logit and the independent variables.



V.-M. Margalina et al.

Importing practice data in SmartPLS

To import the two projects for the case studies, open the 
Workspace view and go to Sample projects. Navigate to 
the Regression and NCA sample projects and tick the box 
next to Regression model and Logistic regression (Fig. 2).

The two sample projects, Example – Regression model 
and Example – Logistic regression, appear in the Smart-
PLS Workspace on the left side. Each project includes 
two models and two data sets. For illustrative purposes, we 
deleted the models except the Multivariate Data Analy-
sis book (Hair et al. 2019) in the Example – Regression 
model and Example – Logistic regression projects. To do 
so, left-click on a model in the SmartPLS Workspace to 
select it. Next, right-click on the selected model to open 
a dialog with options for the Workspace and select the 
Delete resource option. Then confirm the deletion in the 
subsequent dialog box. Similarly, delete the data files except 
the HBAT_splits_data [100] in the Example – Logistic 
regression project and the HBAT_regression_data [100] 
in the Example – Regression model project. As a result, 
each of the two projects only contains one model and one 
dataset in the Workspace, as shown in Fig. 3.

Case study I: multiple linear regression

The first case study focusses on running the HBAT multi-
ple linear regression model example presented by Hair et 
al. (2019; Chap.  5) in SmartPLS. To start with an analy-
sis, double click on the Multivariate Data Analysis book 
model from the Example - Regression model project in 
the SmartPLS Workspace. Next, the Modeling view opens 
displaying the multiple linear regression model as shown 
in Fig.  4.2 Besides the intercept, the model includes the 
dependent variable customer satisfaction (X19) and the 
independent variables representing perceptions of HBAT’s 
performance; these are: quality (X6), e-commerce (X7), 
complaint resolution (X9), product line (X11), and salesforce 
(X12). The ratio of observations to independent variables is 
20:1, which meets the minimum sample size guidelines rec-
ommended by Hair et al. (2019; Chap. 5).

To estimate the regression model in SmartPLS, click on 
the Calculate button in the menu bar and select Regression 
analysis. Now the SmartPLS software opens a dialog box in 

2   Note: Unlike Hair et al. (2019), we renamed the variable names 
of the HABT dataset in SmartPLS. Specifically, under Setup in the 
SmartPLS Data view, we changed variable X1 to X9 into X01 to X09. 
This ensures an ascending ordering of indicators in all graphics and 
result tables (otherwise, for example, X12 would appear before X6). 
Alternatively, without renaming the variables, one could select in the 
SmartPLS Settings (Options) a sorting option that displays the con-
structs in the order in which they appear in the dataset.

Fig. 4  Regression model (Hair et al. 2019; Chap. 5)

 

Fig. 3  Projects in the SmartPLS software

 

Fig. 2  Importing the sample projects in the SmartPLS software
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coefficients and the p-values in brackets; the value in the 
dependent variance X19 (i.e., 0.791) represents the amount 
of explained variance R². The left side of the Results report 
view shows a list of different regression analysis outputs 
provided by SmartPLS, which are ordered in five sections: 
Graphical, Final results, Quality criteria, Algorithm, and 
Model and data.

Under Final results we can select the Summary 
ANOVA results table (Fig. 7), which includes the following 
outcomes: (1) Regression sum of squares (111.205), which 
is the amount of variance explained by the model, and 
this value divided by the number of independent variables 
resulting in the mean square regression (22.241 = 111.205 / 
5); (2) error sum of squares (29.422), which indicates the 
remaining unexplained variance, and this value divided by 
the number of independent variables resulting in the mean 
square error (0.313 = 29.422 / 94). Based on these outcomes, 
we obtain the F-ratio of 71.058 (= 22.241 / 0.313) at a signif-
icance level of 0.000. Hence, the regression model with its 

which the user can specify the test type (e.g., two tailed), the 
significance level (e.g., 0.05), and the standard error type 
(e.g., normal standard errors); the hyperlinks in the dialog 
box provide further explanations for each option and their 
alternatives. For this case study, we keep the default set-
tings as shown in Fig. 5. Next, at the bottom of the Regres-
sion analysis dialog box, ensure that the box next to Open 
report has been ticked and click on the Start calculation 
button. The SmartPLS software then estimates the multiple 
linear regression model and, after completion, the default 
report results automatically opens.

The default report automatically opens the Graphi-
cal output (i.e., the regression model and its model esti-
mation results; Fig. 6) At the bottom left of the SmartPLS 
Results report view, you can customize the results shown 
on the Graphical output. For the independent variables, we 
choose Standardized coeffs. and p values, while keeping 
R-square for dependent variable. The resulting Graphi-
cal output (Fig.  6) shows the standardized regression 

Fig. 6  Graphical output of the 
multiple linear regression
 

Fig. 5  Regression analysis algo-
rithm start dialog box in SmartPLS
 



V.-M. Margalina et al.

regression coefficients, as well as the intercept, are signifi-
cant at the 0.05 level. Note: Although the intercept is statis-
tically significant, its negative value is difficult to interpret. 
All variables are measured on a 0–10 scale (see Table A1 
in the Appendix). Consequently, when all independent vari-
ables take the value zero, the dependent variable customer 
satisfaction (X19) should also be zero and not − 1.151, as 
suggested by the estimated intercept. Such a value lies out-
side the permissible range of the dependent variable. This 
would argue in favor of estimating the regression model 
without an intercept. Nevertheless, for consistency with the 
textbook example in Hair et al. (2019; Chap. 5), we proceed 
with a model estimation including an intercept.

Before interpreting the regression coefficients, it is nec-
essary to assess potential collinearity issues. High levels of 
collinearity can substantially distort the estimated regres-
sion coefficients. The default report provides the variance 
inflation factor (VIF) as an overall indicator of collinearity 
and the condition index derived from the decomposition of 
the coefficient variance. To inspect these two diagnostics, 
we need to choose Collinearity statistics under Quality 
criteria. As shown in Figs.  10 and 11, all VIFvalues fall 
below the more conservative threshold of 3, and all con-
dition indices are below the recommended threshold of 30 
(Hair et al. 2019). These results indicate collinearity is not 
a critical concern.

On these grounds, we can examine the signs of the 
regression coefficients to determine the direction of the 
relationships. As shown in Fig. 9, all coefficients except one 
are positive, indicating that more favorable perceptions of 
HBAT are associated with higher predicted customer satis-
faction. The negative coefficient for e-commerce (X7) indi-
cates that higher perceptions of this variable are associated 
with lower customer satisfaction. Although this finding may 
appear counterintuitive, Hair et al. (2019, pp. 348–349) pro-
vide a detailed discussion and explanation of such results.

five predictors performs much better than a model with no 
predictors (i.e., if we used only the mean of the dependent 
variable X19 to predict its outcomes) and the large F-ratio 
indicates the model explains much more variance than the 
residual error.

Next, we obtain the R2 coefficient of determination and 
the adjusted R2 under Quality criteria in the R-square 
results table (Fig.  8). With an R² value of 0.791 (i.e., the 
regression sum of squares of 111.205 divided by the total 
sum of squares of 140.628; Fig. 7), the regression model in 
Fig. 8 explains almost 80% of the variance of customer sat-
isfaction (X19). The adjusted R2 of 0.780 indicates no over-
fitting of the model and that the results can be generalized 
to other samples from our population. Note: We address the 
Durbin-Watson test shown in Fig. 8 later when we discuss 
the outcomes for the regression residuals.

Next, we turn to the estimated coefficients. In Smart-
PLS, the model’s unstandardized and standardized regres-
sion coefficients can be viewed by selecting Final Results 
under Summary coefficients. An unstandardized coefficient 
is considered statistically significant if its 95% confidence 
interval, defined by the lower bound at the 2.5th percentile 
and the upper bound at the 97.5th percentile (Fig. 9), does 
not include zero. In our analysis, all five unstandardized 

Fig. 9  The multiple linear regression model’s coefficients

 

Fig. 8  R2 and Durbin-Watson test results

 

Fig. 7  ANOVA results of the mul-
tiple linear regression analysis
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tools for assessing these assumptions and the quality of the 
regression model. For example, plotting the residuals (i.e., 
the difference between the observed and predicted values 
of the dependent variable) against the predicted dependent 
values is a basic method for detecting potential violations 
of linearity and residual homoscedasticity. In the SmartPLS 
report, this plot can be obtained via Quality criteria > Pre-
dicted value > Predicted vs. residual (Fig. 12). As shown, 
the residuals do not display any nonlinear pattern. Similarly, 
the plot of predicted versus actual values, accessed through 
Quality criteria > Predicted value > Predicted vs. actual 
(Fig.  13), also shows no nonlinear pattern, indicating the 
assumption of linearity is satisfied for the overall variable.

In addition, Fig. 12 shows no systematic pattern of increas-
ing or decreasing residuals, indicating that heteroscedastic-
ity is not a critical issue. In SmartPLS, heteroscedasticity 
can also be formally assessed using the Breusch-Pagan test, 
available via Quality criteria > Breusch-Pagan test. The 
results of this test, with a p-value greater than 0.05, further 
confirm the assumption of homoscedasticity is satisfied for 
our model (Fig. 14).

Next, to assess the independence of residuals, navigate 
to Quality criteria > Residuals > Residual autocorre-
lation plot. As shown in Fig.  15, no consistent pattern is 
observed. This finding is further supported by the results of 
the Durbin-Watson test (Fig. 8), which confirms the inde-
pendence of the residuals.

Finally, the normality of the error term can be assessed 
using a QQ-plot or a residual histogram. These plots can 
be obtained in SmartPLS via Quality criteria > Residu-
als, then selecting either QQ plot or Residual histogram. 
As shown in Figs. 16 and 17, while a few values deviate 
from the reference line, the majority of residuals follow an 
approximately normal distribution.

Case study II: logistic regression

Our second case study demonstrates how to use SmartPLS 
to conduct a logistic regression. For the logistic regression 
analysis, double click on the Multivariate Data Analysis 

In addition, the standardized coefficients provide infor-
mation about the relative importance of each independent 
variable (Fig. 9). The standardized coefficient of 0.697 for 
salesforce image (X12) indicates that it is the strongest pre-
dictor of customer satisfaction (X19), followed by product 
quality (X6), complaint resolution (X9), e-commerce (X7), 
and product line (X11). Importantly, beyond statistical sig-
nificance, all standardized coefficients exceed the com-
monly used relevance threshold of 0.10, indicating each 
regressor makes a meaningful contribution to explaining the 
dependent variable.

In evaluating the estimated equation, we consider not 
only the regressor’ statistical significance and relevance 
but also whether the variables meet the assumptions of 
regression analysis. SmartPLS provides several diagnostic 

Fig. 11  Condition index

 

Fig. 10  VIF values
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order, choose the option Import order to obtain the same 
order of the independent variables a displayed in Fig. 18.

SmartPLS represents the logistic regression model in the 
same manner as a multiple linear regression model. How-
ever, the dependent variable is now the binary variable 

book model located in the Example – Logistic regression. 
Figure 18 presents the logistic regression model as displayed 
in the Modeling view (in this case with the displayed results, 
which we obtain after model estimation). Note: Double 
click on the dependent X4 variable and, under Indicator sort 

Fig. 14  Results of Breusch-Pagan 
test
 

Fig. 13  Predicted vs. actual values 

Fig. 12  Predicted vs. residual 
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sample for predictive validation and variable selection. As 
our illustration will not focus on predictive variable selec-
tion, we will use the full sample of 100 observations for esti-
mating the following results which therefore deviate from 
Hair et al. (2019).

For estimating the logistic regression model select Cal-
culate > Logistic regression. A dialog box opens allowing 
us to specify the test type (one- or two-tailed), the signifi-
cance level (e.g., 0.05), the maximum number of itera-
tions for the maximum likelihood (ML) algorithm, and the 

Region (X4) with 0 indicating the customer location in the 
USA/North America and 1 outside North America. All 13 
independent variables (X6-X18) represent perceptions of 
HBAT (Table A1 in the Appendix). In the logistic regression 
model example, we regress the binary dependent variable 
X4 on the interval-scaled (quasi-metric) independent vari-
ables X6-X18. The data set of 100 observations is small and 
so it might be less efficient in model estimation. Hair et al. 
(2019; Chap. 8) further split the sample into 60 observations 
for estimation sample and 40 observations for the hold-out 

Fig. 16  QQ-plot 

Fig. 15  Residual autocorrelation 
plot
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obtained for the null model. The AIC and BIC values for the 
estimated model, which are likewise lower than those of the 
null model, further corroborate this conclusion.

Model fit can also be assessed with the help of the logistic 
regression model’s pseudo R2 values, which indicates how 
well the regression model accounts for the variation between 
the two groups of customers. More specifically, SmartPLS 
presents three different measures for pseudo  R2. McFad-
den’s  R2 compares the log-likelihood of the estimated 
model with that of the null model. Its values range from 0 
to 1. A perfect fit has a  R2 value of 1, which is equivalent 
to a deviance of 0. The Cox and Snell’s  R2 is interpreted 
in the same way, with higher values indicating a greater fit. 
However, this measure of  R2 cannot reach the maximum 
value of 1. To overcome this limitation, Nagelkerke’s  R2 
incorporates a modification in order to reach this maximum 
value. As we see in Fig. 20, the three measures of “pseudo”  
R2 have values above 0.5 indicating that the logistic regres-
sion model explains the outcomes sufficiently well.

The third measure for the overall model fit is represented 
by the predictive accuracy of the model. In SmartPLS, we 
can use the confusion matrix to measure the predictive accu-
racy of predictive outcomes; click on Final results > Pre-
dictions and probabilities > Confusion matrix (Fig. 21). 
The high values of the percentages of 97.436 and 91.803 
show high predictive accuracy of our model. This results in 

stopping criterion for the model estimation. We recommend 
you keep the default settings, as shown in Fig.  19. Next, 
click on the Start calculation button, after ensuring that the 
box next to Open report is ticked.

After the computations finish, the Graphical output 
(Fig. 18) in the SmartPLS Results report view automati-
cally opens the report. The Graphical output shows the 
logistic regression coefficients of the independent variables 
X6 to X18 and the pseudo R2 (i.e., displayed in the depend 
binary variable X4). On the left side, the user can navigate 
through the different options of the report: Graphical out-
put, Final results, Model fit, Algorithm, Model and data.

To evaluate the overall goodness of fit of the logistic 
regression model, open the results under Model fit > Fit 
summary in the Results report. The primary criterion of 
overall model fit is the likelihood value, which is conceptu-
ally analogous to the sums of squares used in multiple linear 
regression (Hair et al. 2019; Chap. 8). We evaluate model 
fit using the value of − 2 times the log-likelihood (− 2LL), 
where a value of 0 indicates a perfect fit. Accordingly, a 
lower −2LL value for the estimated model relative to the 
null model denotes superior fit. In SmartPLS, this statistic 
is reported in the Deviance (− 2LL) column of the Fit sum-
mary table. As illustrated in Fig. 20, the estimated model 
yields a value of 30.789, which demonstrates a good model 
fit since it is substantially lower than the value of 133.750 

Fig. 17  Residual histogram 
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Fig. 20  Summary of fit indices

 

Fig. 19  Logistic regression dialog 
box in SmartPLS
 

Fig. 18  Graphical results output for logistic regression model
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at the 0.05 level. The sign of the logistic coefficients shows 
the direction of the relationship. In this case, the negative 
sign of the coefficient for the relationship between the inde-
pendent X7 and X10 variables and the dependent X4 vari-
able indicates that the likelihood of observing a one (i.e., 
P (Y = 1|X) decrease when X7 and X10 are increasing (or 
put differently the probability that the customer will be cat-
egorized as residing in the USA/North America increases). 
In contrast, the coefficient of X12 is positive indicating a 
positive relationship, thus increasing the probability that 
the customer will be categorized as residing outside North 
America.

However, as discussed when introducing the logistic 
regression model, the logistic regression coefficient cannot 
be interpreted as a direct change in probability. Thus, a one-
unit change in the independent variable X7 reflects a -5.489 
change in the log-odds (logit), but not in the probability of 
the outcome being one. While we can conclude a directional 

the typical member of group 0 (USA) having a probability of 
97.436 of being correctly assigned to group 0 and the typical 
member of group 1 (non-USA) has a probability of 91.803 
of being correctly assigned to group 1. This demonstrates 
the ability of the logistic model to create good separation 
between the two groups in terms of predicted probability, 
resulting in the excellent classification results.

Next, we examine the logistic coefficients to assess their 
statistical significance, their sign, and the impact that each 
variable has on predicted probability of group membership. 
In the default report, you now need to click on Final results 
> Coefficients to display the results in Fig. 22. In logistic 
regression analysis, we use the Wald test to measure statisti-
cal significance for each estimated coefficient, which rep-
resents changes in the log-odds. Thereby we implicitly test 
the effect of an independent variable on predicting the group 
membership.

As shown in Fig. 22, the logistic regression coefficients 
of X7 (-5.489), X10 (-1.912), and X12 (8.201) are significant 

Fig. 22  The logistic regression model’s coefficients and Wald’s test

 

Fig. 21  Confusion matrix 
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standardized partial regression plots and residual-versus-
leverage plots. The logistic regression algorithm imple-
mented in SmartPLS is currently in the beta stage; therefore, 
the inclusion of additional features, such as receiver oper-
ating characteristic (ROC) curve analysis (e.g., Hanely & 
McNeil 1982) would enable researchers to more compre-
hensively assess the model’s predictive accuracy. More-
over, implementing the Box–Tidwell test would allow for 
a systematic evaluation of the linearity assumption (Box & 
Tidwell 1982).

One aspect not further addressed in this article, but of sub-
stantial importance for the estimation of regression models, 
is the assessment and treatment of endogeneity. To address 
this issue, Park and Gupta (2012) introduced the instrument 
variable (IV)-free Gaussian copula approach. Subsequent 
publications have elaborated on this method and gener-
ated additional insights into the instrument-free framework 
(e.g., Becker et al. 2022; Eckert and Hohberger 2023; Hult 
et al. 2018; Park and Gupta 2024; Quian et al. 2025; Yang 
et al. 2025). Most notably, Liengaard et al. (2025) proposed 
an extended framework for handling endogeneity using 
the Gaussian copula approach, which is implemented in 
SmartPLS and can be fully utilized by applied researchers. 
In addition, SmartPLS supports single and multiple media-
tion, moderation, and conditional process analyses (Cheah 
et al. 2021; Hayes 2022; Sarstedt et al. 2020) using linear 
regression models. Further, researchers can gain more from 
their regression analysis results by applying the IPMA to 
their regression models (Ringle and Sarstedt 2016), which 
is also fully implemented in SmartPLS. Finally, unobserved 
heterogeneity represents a validity threat to regression 
model results (e.g., Becker et al. 2013; Jedidi et al. 1997). 
Latent class segmentation (e.g., by using the finite mixture 
approach; Becker et al. 2015; Wedel and DeSarbo 2002) 
allows us to address this critical issue. By using single-item 
constructs, researchers can use the FIMIX-PLS approach 
(Hahn et al. 2002; Sarstedt et al. 2011) implemented in 
SmartPLS to apply finite mixture latent class segmentation 
not only for more complex PLS path models, but also for 
simple regression models. Thereby, they can either indicate 
that unobserved heterogeneity does not represent a critical 
validity threat to regression results or, alternatively, reveal 
suitable segments for further group analyses. We encourage 
researchers to use this expanded portfolio of additional and 
complementary analyses offered by SmartPLS to execute 
richer and better validated regression model analyses results 
in their research.

change in probability, the exact change in probability 
depends on the values of the other independent variables.

As discussed before, the exponentiated coefficients (odds 
ratio) can also be used to assess the size and direction of 
the relationship. Values above 1 indicate a positive rela-
tionship and below 1 a negative relationship. Hence, the 
exponential coefficients of 0.004 (X7) and 0.148 (X10) show 
negative relationships, while the outcome of 14.045 for X12 
determines a positive relationship. For example, when X12 
increases by one unit the initial odds are multiplied with 
14.045, which implies a substantial increase. Similarly, we 
can use the exponentiated coefficient minus one, which 
expresses the percentage in change in odds. In our example, 
this means that an increase of one point decreases the odds 
by 99.6% for X7, decreases the odds by 85.2% for X10, and 
increases the odds by 3644.2% for X12.

Observations and conclusions

Based on the case studies of multiple and logistic regres-
sions by Hair et al. (2019), this article offers a comprehen-
sive guide on how to conduct a regression analysis using 
the SmartPLS software. We show how multiple and logistic 
regression models are estimated and assessed in SmartPLS, 
starting with the statistical significance of the overall model, 
followed by the relative contribution of regression coeffi-
cients for the explanation and prediction of the dependent 
variable, and finally checking the regression assumptions. 
As such, this article provides comprehensive guidelines for 
scholars wanting to carry out their regression analyses with 
the SmartPLS software.

SmartPLS offers a user-friendly interface for regression 
analysis with results presented in easily readable tables and 
graphs. Extending our demonstrations of the multiple linear 
regression and the logistic regression analyses in SmartPLS, 
researchers can also access additional analyses (e.g., Hair et 
al. 2024; Hair et al. 2026), such as necessary condition anal-
ysis (Sarstedt et al. 2024); mediator and moderator analysis 
(i.e., by adding an interaction term); moderated mediation; 
and conditional process analysis using PROCESS (e.g., 
Hayes 2022). If researchers want to analyze relationships 
between latent variables they can perform more advanced 
analyses, such as PLS-SEM, CB-SEM, or GSCA.

Based on the guidelines of Hair et al. (2019) for perform-
ing multiple linear regression analysis, future extensions of 
SmartPLS could support additional graphs to test assump-
tions and identifying influential observations, such as the 
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Appendix

Table 4  HBAT data (Hair et al. 2019)
Variable Name Survey question Scale
Data warehouse classification variables
X1 Customer Type Length of time a particular customer has been buying from 

HBAT
1–3 scale: 1 = less than 1 year; 2 = between 1 
and 5 years; 3 = longer than 5 years

X2 Industry Type Type of industry that purchases HBAT’s paper products Binary: 0 = magazine industry; 1 = newsprint 
industry

X3 Firm Size Employee size Binary: 0 = small firm, fewer than 500 
employees; 1 = large firm, 500 or more 
employees

X4 Region Customer location Binary: 0 = USA/North America; 1 = outside 
North America

X5 Distribution 
System

How paper products are sold to customers Binary: 0 = sold indirectly through a broker; 
1 = sold directly

Perceptions of HBAT
X6 Product Quality Perceived level of quality of HBAT’s paper products 0–10 scale: 0 = “Poor” and 10 = “Excellent”
X7 E-Commerce Activities/Website Overall image of HBAT’s website, especially 

user-friendliness
0–10 scale: 0 = “Poor” and 10 = “Excellent”

X8 Technical Support Extent to which technical support is offered to help solve prod-
uct/service issues

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X9 Complaint 
Resolution

Extent to which any complaints are resolved in a timely and 
complete manner

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X10 Advertising Perceptions of HBAT’s advertising campaigns in all types of 
media

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X11 Product Line Depth and breadth of HBAT’s product line to meet customer 
needs

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X12 Salesforce Image Overall image of HBAT’s salesforce 0–10 scale: 0 = “Poor” and 10 = “Excellent”
X13 Competitive 

Pricing
Extent to which HBAT offers competitive prices 0–10 scale: 0 = “Poor” and 10 = “Excellent”

X14 Warranty and 
Claims

Extent to which HBAT stands behind its product/service war-
ranties and claims

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X15 New Products Extent to which HBAT develops and sells new products 0–10 scale: 0 = “Poor” and 10 = “Excellent”
X16 Ordering and 

Billing
Perception that ordering and billing is handled efficiently and 
correctly

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X17 Price Flexibility Perceived willingness of HBAT sales reps to negotiate price on 
purchases of paper products

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X18 Delivery Speed Amount of time it takes to deliver the paper products once an 
order has been confirmed

0–10 scale: 0 = “Poor” and 10 = “Excellent”

Purchase outcomes
X19 Customer 

Satisfaction
Customer satisfaction with past purchases from HBAT 0–10 scale: 0 = “Poor” and 10 = “Excellent”

X20 Likelihood of 
Recommending 
HBAT

Likelihood of recommending HBAT to other firms as a supplier 
of paper products, measured on a 10-point graphic rating scale

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X21 Likelihood of 
Future Purchases 
from HBAT

Likelihood of purchasing paper products from HBAT in the 
future, measured on a 10-point graphic rating scale

0–10 scale: 0 = “Poor” and 10 = “Excellent”

X22 Percentage of 
Purchases from 
HBAT

Percentage of the responding firm’s paper needs purchased from 
HBAT

100-point percentage scale

X23 Perception of 
Future Relation-
ship with HBAT

Extent to which the customer/respondent perceives his or her 
firm would engage in strategic alliance/partnership with HBAT

Binary: 0 = Would not consider; 1 = Yes, 
would consider strategic alliance or 
partnership
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