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g 1 INTRODUCTION TO REGRESSION ANALYSIS

¢ Regression analysis is used to:

* Predict the value of a dependent variable based on the value of at least one
independent variable

 Explain the mmpact of changes in an independent variable on the
dependent variable

» Dependent variable: the variable we wish to predict or explain. (Usually
Y)

» Independent variable: the variable used to predictor explain the
dependent variable. (Usually X)
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SIMPLE LINEAR REGRESSION MODEL

» Only one independent variable, X.

Difference in Simple Linear Regression Example

» Relationship between X and Y is
described by a linear function.

» Changes inY are assumed to be

related to changes in X.




YPES OF RELATIONSHIPS

Weak
relationships

Strong
relationships

Yaa relationship
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SIMPLE LINEAR REGRESSION MODEL

Population

_ Slope Ind d
Population Coefficient GSpenoent Random

Y intercept Variable Error term

Dependent
Variable

"~ v

Linear components Random Error
component




BSIMPLE LINEAR REGRESSION EQUATION
(PREDICTION LINE)

The simple linear regression equation provides an

estimate of the population regression line

Estimated (or

predicted)Y value for regression regression slope
observation i intercept

Value of X for
observation i
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4 1 MULTIPLE LINEAR REGRESSION MODEL

Multiple regression simultaneously considers the influence of multiple
explanatory variables on a response variable Y

* The intention 1s to look at the independent effect of each variable while
"adjusting out" for other variables
Xl\

X2—>Y
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THE MULTIPLE REGRESSION MODEL

Relationship between one dependent & 2 or more independent  (§i
variables is a linear function

Population Y- Population slopes Random
intercept error

_— —

. Linear components Random Error
component

Y is the dependent (Response) variable |

X, ,X,,...,X, are the independent (Explanatory) variables
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4 R square estimate

 R-squared is a statistical measure of how close the data are to the fitted
regression line. It 1s also known as the coefficient of determination, or the
coefficient of multiple determination for multiple regression.

* R-squared 1s always between 0 and 100%

* 0% i1ndicates that the model explains none of the variability of the
response data around its mean.

* 100% indicates that the model explain all the variability of the response
data around 1ts mean.

In general, the higher the R-squared, the better the model fits your data.

\_
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] P value

The p-value for each term tests the null hypothesis that the coefficient is
equal to zero (no effect).

A low p-value (<0.05) indicates that you can reject the null hypothesis. In
other words, a predictor that has a low p-value 1s likely to be a meaningful
addition to your model because changes 1n the predictor's value are related
to changes 1n the response variable.

Conversely, a larger (insignificant) p-value suggests that changes in the
predictor are not associated with changes in the response.
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] Beta coefficient

* A standardized beta coefficient compares the strength of the
effect of each individual independent variable to the dependent
variable.

* The higher the absolute value of the beta coefficient, the stronger
the effect.
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Regression in SPSS
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Testing Mediation Effect via SPSS
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There are two methods in testing indirect effect
(mediation):

ER

1—- Baron and Kenny method
2- Hayes method (macro- process)

21
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Baron & Kenny method
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J Baron and Kenny mediation steps

¢ The above steps of mediation is based on the four step mediation analysis test proposed
by Baron and Kenny (1986), Judd and Kenny (1981), and James and Brett (1984).

¢ Thus, to indicate mediation four steps are to be analyzed-

Step 1: Show that the causal variable is correlated with the outcome. Use Y as the criterion
variable in a regression equation and X as a predictor (estimate and test path ¢ in the above
figure). This step establishes that there is an effect that may be mediated.

Step 2: Show that the causal variable is correlated with the mediator. Use Mas the criterion
variable in the regression equation and X as a predictor (estimate and test path a). This step
essentially involves treating the mediator as if it were an outcome variable.

\_
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4 O Baron and Kenny mediation steps

Step 3: Show that the mediator affects the outcome variable. Use Y as the
criterion variable in a regression equation and X and M as predictors
(estimate and test path b). It is not sufficient just to correlate the mediator
with the outcome because the mediator and the outcome may be correlated
because they are both caused by the causal variable X. Thus, the causal
variable must be controlled in establishing the effect of the mediator on the
outcome.

Step 4: To establish that M completely mediates the X-Y relationship, the
effect of X on Y controlling for M (path c) should be zero (see discussion
below on significance testing). The effects in both Steps 3 and 4 are
estimated 1n the same equation.

\_
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4 d Baron and Kenny mediation steps

++* Final mediation decision

o If all four of these steps are met, then the data are consistent with the
hypothesis that variable M completely mediates the X-Y relationship

 If the first three steps are met but the Step 4 is not, then partial mediation
1s indicated.

 Meeting these steps does not, however, conclusively establish that
mediation has occurred because there are other (perhaps less plausible)
models that are consistent with the data.

* Some of these models are considered later in the Specification Error
section.
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( Mediation )

( Mediation )

( Mediation )
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Hayes Method
Macro- PROCESS
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Macro- PROCESS method 1s originated by Hayes, (2012), as it 1s most flexible and
effective tool in testing the indirect effect (the mediation effect) (MacKinnon, Fairchild,
and Fritz, 2007; Hayes, 2009).

The advantage with using PROCESS tests that the mediation effect is assessed with the
aid of bootstrapping.

Indirect effect to be tested, bootstrapping steps (n= 5000 resample) and confidence
interval at 95%.

The mediation effect can be considered statistically significant only when (zero) doesn’t
exist between their range of confidence intervals, namely: BootLLCI “Bootstrap Lower
Limit Confidence Interval” and BootULCI “Bootstrap Upper Limit Confidence Interval”
(Hayes, 2012; Vinod, et al., 2015).
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(
 In Macro- PROCESS, select the number of the model as follows:

v Model 4 for mediation
v Model 1 for moderation
v Model 5 for mediation/ moderation
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Standardized coefficients
: coeff
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Moderation Effect via SPSS
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d Terminology

* Criterion Variable (dependant variable)
* Predictor Variable (Independent variable)

y=a+ bix

y = criterion variable x = predictor variable




-
(JdModeration

* A third variable changes the relationship between two related variable

In other words
* Relationship between two variables changes with the level of another
variable of construct
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Moderating
variable

Independent Dependant
variable variable
(predictor) (criterion)
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(dModerator v/s Mediation

* Mediator variable 1s consequent of predictor variable.
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(dModerator v/s Mediation

* Moderator variable 1s at same level as predictor variable.

Moderator

X
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J Aiken and West Approach

* Stepl: Regress on dependent variable the independent variable and
moderator variable

* Step2: Center all the continuous variables

* Step3: Multiply the independent and moderator variable and create
interaction variable

 Step 4: Regress on dependent variable the independent variable,
moderator variable and Interaction variable

Aiken, L. S., & West, S. G. (1991). Multiple regression: Testing and interpreting interactions.
Sage.

\_
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J Aiken and West Approach

Step 5: Check whether interaction variable 1s significant else no
Moderation

Step 6. gaNaS&

Step 7: If moderator is continuous variable classify into meaning full
groups or classify the same based at + >=1 o level

Step8: Plot Graphs and interpret the same with significant slopes




Independent
Variable

Moderation
Variable

Interaction

Variable

Moderation
Effect
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Understanding the Research Discussion

N

d The research discussion chapter is a critical
component of a thesis, where the findings are
analyzed and interpreted in the context of existing
literature.

d It provides a platform to demonstrate the

significance of the research and its implications for

the field.

J




Structuring Your Discussion

\

 Organize your discussion chapter by presenting the
research findings, analyzing the results, and
discussing their implications.

d A clear and logical structure enhances the
readability and coherence of your thesis




 Utllize  statistical analysis and  qualitative
interpretation to analyze the research findings.

 This in-depth analysis provides a comprehensive
understanding of the results and their significance
within the research context

\
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Analyzing Research Findings



Interpreting the Results

 Interpret the research results within the framework
of existing literature and theoretical perspectives.

d This critical analysis demonstrates a deep
understanding of the research outcomes and their
implications

\
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Contextualizing the Findings

\

A Place your research findings within the broader
context of the field, highlighting their relevance and
potential impact.

 This contextualization strengthens the significance
of the research within the academic community.




Engaging with Literature

d Engage with relevant literature to support and
contextualize the research findings within the
broader academic discourse.

d A comprehensive literature review strengthens the
scholarly foundation of the discussion chapter.

\
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Thank You
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