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Regression Analysis
 The regression analysis is a powerful statistical

technique of analyzing or studying the dependence of

one dependent variable, on one or more independent

variables (also called explanatory variables), with a

view to estimating or predicting the population mean

or average value of the dependent variable in terms of

the known or fixed values of the independent

variables.
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Correlation VS Regression
Basis Correlation Regression

Definition Correlation indicates

whether there is any relation

between the variables.

Regression measures the

probable movement of one

variable in terms of the

other.

Indication Correlation indicates only

linear relationship between

two variables.

Regression indicates any

type of relationship.

Mathematical 

treatment

Correlation is not very

useful for further

mathematical treatment.

Regression is widely used

for further mathematical

treatment.

Pure number Correlation coefficient is a

pure number.

Regression coefficient is not

pure number.
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Dependent & Independent Variables

 A dependent variable represents a

quantity whose value depends on

how the independent variable is

manipulated.

 An independent variable is one

that can affect dependent variables

but cannot be affected by them.
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Various Names of Dependent 

and Independent Variables

Dependent variable Independent variable

Explained variable Explanatory variable

Predictand Predictor

Regressand Regressor

Response Control variable

Endogenous variable Exogenous variable
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Cause-Effect Relationship

 A cause-effect 

relationship is a 

relationship between two 

phenomena in which one 

phenomenon is the reason 

behind the other.
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Objectives of Regression Analysis

 The objectives of regression analysis are:

a) to estimate the relationship that exists between the

dependent and independent variables.

b) to determine the effect of each of the independent

variables on the dependent variable.

c) to predict the value of the dependent variable for a

given value of the independent variable.

E-mail: akanda@du.ac.bd8



Assumptions of Regression Analysis

 There are four main assumptions associated with a linear

regression model:

a) Linearity

b) Homoscedasticity

c) Independence

d) Normality

 The independent variables should not be correlated

with each other. Absence of this phenomenon is

known as multicollinearity.
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Scatter Plot: Checking Linear Relationship

 A scatter plot displays the nature of the

relationship between two variables. Before

performing a regression analysis, it is

recommended to run a scatter plot to

determine if there is a linear relationship

between the variables. If there is no linear

relationship (i.e., points on a graph are not

clustered in a straight line), then a simple

regression would not be the appropriate

analysis to use for this data set. The graph

of a linear equation forms a straight line,

whereas the graph for a non-linear

relationship is curved. A non-linear

relationship reflects that each unit change

in the 𝑥 variable will not always bring

about the same change in the 𝑦 variable.
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Simple Linear Regression Model

 Simple regression estimates how the value of one

dependent variable (𝑦) can be predicted based on the

value of one independent variable (𝑥 ). The linear

equation for simple regression is as follows:

𝒚 = 𝒂 + 𝒃𝒙 + 𝒆
 a is called the intercept;

 b is the slope;

 e is the random error term.
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Least squares Estimation Method

 Least Squares Principle: A mathematical
procedure that uses the data to position a line
with the objective of minimizing the sum of the
squares of the vertical distances between the
actual 𝑦 values and the predicted values of 𝑦.

 Estimate of 𝑏: 𝑏 =
𝑛  𝑥𝑖𝑦𝑖− 𝑥𝑖  𝑦𝑖

𝑛  𝑥𝑖
2−  𝑥𝑖

2

 Estimate of 𝑎: 𝑎 =  𝑦 − 𝑏  𝑥

E-mail: akanda@du.ac.bd12



Coefficient of Determination (𝑹𝟐)
 How much of the variability in 𝑦 can be explained by its relationship with

𝑥?

 The coefficient of determination, denoted 𝑅2 , is the quotient of the

explained variation (sum of squares due to regression) to the total variation

(total sum of squares) in a model of simple or multiple linear regression:

𝑅2 =
Explained variation

Total variation

 If 𝑅2 = 0.77, which indicates that 77% of the total variation in the

dependent variable has been explained by the independent variable.

 In general, the higher the 𝑹𝟐, the better the model fits your data.
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Adjusted 𝑹𝟐

 Adding an independent variable to the model always increase 𝑹𝟐

regardless of whether or not the additional variable contributes to the

model. Some analyst prefers to use an adjusted 𝑹𝟐 statistic which will

increase only for potential independent variables.

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 = 1 −
1 − 𝑅2 𝑁 − 1

𝑁 − 𝑝 − 1

 where 𝑝 is the total number of regressors in the linear model (not counting

the constant term), and 𝑁 is the sample size.
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Hypothesis Test for Regression Slope

 Null hypothesis:

𝐻0: 𝛽 = 0

 Alternative hypothesis (Two sided test)

𝐻1: 𝛽 ≠ 0

 Alternative hypothesis (One sided test)

𝐻1: 𝛽 > 0 or 𝐻1: 𝛽 < 0

 Comments based on 𝒑 − 𝒗𝒂𝒍𝒖𝒆:

 If 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05, then we say that null hypothesis

is rejected at 5% level of significance.

 If 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.01, then we say that null hypothesis

is rejected at 1% level of significance.
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Simple Linear 

Regression in SPSS

Using country.sav data 

where independent 

variable is lngdp and 

dependent variable is 

lifeexpf
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Checking Linear Relationship

 First we need to check whether

there is a linear relationship

between the independent variable

(lngdp) and the dependent variable

(lifeexpf) in the linear regression

model. To do this, we can check

scatter plots. The scatter plots right

indicate a good linear relationship

between lifeexpf and lngdp.

 (Graphs->Legacy Dialogs-

>Scatter/Dot)
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Checking Normality: Q-Q Plot

 A Normal Q-Q (or Quantile-
Quantile) Plot compares
the observed quantiles of the data
(depicted as dots/circles) with the
quantiles that we would expect to
see if the data were normally
distributed (depicted as a solid line).
If the data is approximately normally
distributed, the points will be on or
close to the line. When looking at a
Q-Q plot, you should look for points
that stray far from the line of
expected values, as well as trends in
the observed values.

 (Analyze->Descriptive Statistics->
Q-Q Plots…)
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Simple Linear Regression in SPSS

 Open the data file

(country.sav) and follow

the instructions given

below: Click on

 Analyze

 Regression

 Linear

 You will be presented with 

the Linear Regression 

dialogue box:
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Linear Regression Dialogue Box

 Transfer the independent

variable, lngdp into the

Independent(s): box and

the dependent variable,

lifeexpf into

the Dependent: box. You

can do this by either drag-

and-dropping the variables

or by using the appropriate

buttons. You will end up

with the following screen:
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Assumption Checking
 You now need to check the assumptions discussed in

the Assumptions section: no significant outliers;

independence of observations; homoscedasticity; and

normal distribution of errors/residuals. You can do this

by using the Statistics and Plots features, and then

selecting the appropriate options within these two

dialogue boxes. In our enhanced linear regression guide,

we show you which options to select in order to test

whether your data meets these four assumptions.

 Click on the (OK) button. This will generate the results.
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SPSS Outcome: Model Summary

 The first table of interest is the Model

Summary table, as shown below:

 This table provides the 𝑅 and 𝑅2 values.

The 𝑅 value represents the simple

correlation and is 0.832 (the “R” Column),

which indicates a high degree of

correlation. The 𝑅2 value (the “R Square”

column) indicates how much of the total

variation in the dependent variable, lifeexpf

(Female life expectancy 1992), can be

explained by the independent

variable, lngdp (Natural log of GDP). In

this case, 69.3% can be explained, which is

very large.
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SPSS Outcome: ANOVA

 The next table is the ANOVA table, which

reports how well the regression equation

fits the data (i.e., predicts the dependent

variable) and is shown below:

 This table indicates that the regression

model predicts the dependent variable

significantly well. How do we know this?

Look at the “Regression” row and go to the

“Sig.” column. This indicates the statistical

significance of the regression model that

was run. Here, 𝑝 < 0.000, which is less

than 0.05, and indicates that, overall, the

regression model statistically significantly

predicts the outcome variable (i.e., it is a

good fit for the data).
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SPSS Outcome: Coefficients

 The Coefficients table provides us with

the necessary information to predict

lifeexpf from lngdp, as well as determine

whether lngdp contributes statistically

significantly to the model (by looking at

the “Sig.” column). Furthermore, we can

use the values in the “B” column under

the “Unstandardized Coefficients”

column, as shown below:

 The regression equation as:

 𝒍𝒊𝒇𝒆𝒆𝒙𝒑𝒇 = 𝟐𝟏. 𝟓𝟐𝟗 + 𝟔. 𝟏𝟕𝟖(𝒍𝒏𝒈𝒅𝒑)
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Checking Normality: Normal P-P Plot

 Based on Normal Chart Probability the

right plot, we can see that the existing

points always follow and approach the

diagonal line. Thus, it can be concluded

that the residual value normally

distributed so that the regression analysis

procedure has been fulfilled.
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Testing for Homoscedasticity
 First, we click the “Plots…” button

on the right-hand side of the Linear

Regression dialog box. That opens

a second dialog box. In this second

dialog box, move *ZRESID into

the open box under 𝑌 : and

*ZPRED into the open box under

𝑋: as shown in Figure.
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Multiple Regression
 Multiple regression estimates the coefficients of the linear equation when

there is more than one independent variables that best predicts the value of

the dependent variable. For example, a salesperson’s total annual sales

(dependent variable) can be predicted based on independent variables such

as age, education and years of experience. The linear equation for multiple

regression is as follows:

𝑦 = 𝑏0 + 𝑏1𝑥1 + 𝑏2𝑥2 + ⋯ .+𝑏𝑘𝑥𝑘 + 𝑒

 The variables in the model are:

 𝑦, the response/dependent variable;

 𝑥1, 𝑥2, … , 𝑥𝑘 are the predictor/independent variables;

 𝑒, the random error term, which is an unmeasured variable.

 The parameters in the model are:

 𝑏0, the 𝑦-intercept;

 𝑏1, 𝑏2, … , 𝑏𝑘, are the regression coefficients.
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How it is used?
 Multiple regression includes a family of techniques that can

be used to explore the relationship between one continuous

dependent variable and a number of independent variables or

predictors. Multiple regression can be used to address

questions such as:

a) how well a set of variables is able to predict a particular

outcome.

b) which variable in a set of variables is the best predictor of

an outcome.

c) whether a particular predictor variable is still able to

predict an outcome when the effects of another variable are

controlled for.
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Multicollinearity
 Multicollinearity (also collinearity) is a statistical phenomenon in

which two or more predictor variables in a multiple regression
model are highly correlated, meaning that one can be linearly
predicted from the others with a non-trivial degree of accuracy.

 There are four main conclusions regarding multicollinearity:

a) Multicollinearity is nearly always a problem in multiple

regression models.

b) Even small degrees of multicollinearity can cause serious

problems for an analysis if you are interested in the effects of

individual predictors.

c) Small samples are particularly vulnerable to multicollinearity

problems because multicollinearity reduces effective sample size

for the effects of individual predictors.

d) There are no ‘easy’ solutions (e.g., although easy but dropping

predictors is generally a bad idea).
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Variance Inflation Factor (VIF)
 A variance inflation factor (VIF) provides a measure of

multicollinearity among the independent variables in a multiple
regression model.

𝑉𝐼𝐹 =
1

1 − 𝑟2

where 𝑟 is the correlation between two independent variables such
as 𝑋1 and 𝑋2 (Technically, 𝑟2 is called the coefficient of
determination, but it equals the squared correlation).

 Detecting multicollinearity is important because while it does not
reduce the explanatory power of the model, it does reduce the
statistical significance of the independent variables.

 A large VIF on an independent variable indicates a highly collinear
relationship to the other variables that should be considered or
adjusted for in the structure of the model and selection of
independent variables.
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Dealing Multicollinearity
 Increasing the sample size is a common first step.

 Remove the most inter-correlated variables from

analysis.

 Combine variables into a composite variable.

 Use centering.

 Drop the inter-correlated variables from analysis but

substitute their cross-product as an interaction term, or in

some other way combine the inter-correlated variables.
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Durbin Watson Statistic
 The Durbin Watson statistic is a test for autocorrelation in a

data set.

 The DW statistic always has a value between zero and 4.0.

 A value of 2.0 means there is no autocorrelation detected in the

sample. Values from zero to 2.0 indicate positive

autocorrelation and values from 2.0 to 4.0 indicate negative

autocorrelation.

 Autocorrelation can be useful in technical analysis, which is

most concerned with the trends of security prices using

charting techniques in lieu of a company's financial health or

management.
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Multiple Linear Regression in SPSS

1. Click on Analyze->Regression->Linear.

2. Move your continuous dependent variable into the Dependent box.

3. Move your independent variables into the Independent box.

4. For Method make sure Enter is selected.

5. Click on the Statistics button and select: Estimates, Confidence Intervals,

Model fit, Descriptives, Part and Partial correlations and Collinearity

diagnostics.

6. In the Residuals section, select Casewise diagnostics and Outliers outside

3 standard deviations. Click continue.

7. Under Options, select Exclude cases pairwise. Click continue.

8. Click on the Plots button, click on *ZRESID and move it into the 𝑌 box.

Click on *ZPRED and move it into the 𝑋 box.

9. In the section headed Standardized Residual Plots, tick the Normal

probability plot option. Click continue.

10. Click on Continue and then OK.
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Multiple Linear Regression in SPSS

 Open the data file

(country.sav) and follow

the instructions given

below: Click on

 Analyze

 Regression

 Linear

 You will be presented with 

the Linear Regression 

dialogue box:
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Linear Regression Dialogue Box

 Transfer the independent
variable, bitthrat, develop,
docs, and lngdp into the
Independent(s): box and
the dependent variable,
lifeexpf into
the Dependent: box. You
can do this by either drag-
and-dropping the variables
or by using the appropriate
buttons. You will end up
with the following screen:
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SPSS Output- Model Summary

 The third table tells us about the predictor
variables and the method used. Here we can
see that all of our predictor variables were
entered simultaneously because we selected
the Enter method.

 The table shows the multiple linear
regression model summary and overall fit
statistics. We find that the adjusted R² of our
model is .813 with the 𝑅2 = .819 . This
means that the linear regression explains
81.9% of the variance in the data. The
Durbin-Watson 𝑑 =1.640, which is between
the two critical values of 1.5 < 𝑑 < 2.5 .
Therefore, we can assume that there is no
first order linear auto-correlation in our
multiple linear regression data.
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SPSS Output- ANOVA

 The probability of the 𝐹 statistic (129.931)

for the overall regression relationships is <
0.001, less than or equal to the level of

significance of 0.05. We reject the null

hypothesis that there is no relationship

between the set of independent variables

and the dependent variable (𝑅2 = 0). We

support the research hypothesis that there is

a statistically significant relationship

between the set of independent variables

and the dependent variable.

 This table reports on ANOVA which

assesses the overall significance of our

model. As 𝑝 < 0.05 our model is

significant.
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SPSS Output: Coefficients
 The regression equation as:

 𝒍𝒊𝒇𝒆𝒆𝒙𝒑𝒇 = 𝟓𝟐. 𝟕𝟗−. 𝟒𝟑𝟖 ∗ 𝒃𝒊𝒓𝒕𝒉𝒓𝒂𝒕 +
𝟒. 𝟓𝟓𝟗 ∗ 𝒅𝒆𝒗𝒆𝒍𝒐𝒑+.𝟏𝟕𝟔 ∗ 𝒅𝒐𝒄𝒔 + 𝟑. 𝟎𝟐𝟔 ∗
𝒍𝒏𝒈𝒅𝒑

 The Standardized Beta Coefficients give a

measure of the contribution of each variable to

the model. A large value indicates that a unit

change in this predictor variable has a large

effect on the criterion variable. The 𝑡 and

𝑆𝑖𝑔(𝑝) values give a rough indication of the

impact of each predictor variable- a big

absolute 𝑡 value and a small 𝑝 value suggests

that a predictor variable is having a large

impact on the criterion variable. If you

requested Collinearity diagnostics these will

also be included in this table.

 The information in the table above also allows

us to check for multicollinearity in our

multiple linear regression model. Tolerance

should be >0.1 (or VIF<10) for all variables,
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Checking Normality: P-P Plot

 Lastly, we can check for

normality of residuals with

a normal P-P plot. The plot

shows that the points

generally follow the

normal (diagonal) line with

no strong deviations. This

indicates that the residuals

are normally distributed.
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Testing for Homoscedasticity

 The next assumption to check is
homoscedasticity. The
scatterplot of the residuals will
appear right below the normal
P-P plot in your output. Ideally,
you will get a plot that looks
something like the plot below.
The data looks like you shot it
out of a shotgun—it does not
have an obvious pattern, there
are points equally distributed
above and below zero on the 𝑋
axis, and to the left and right of
zero on the 𝑌 axis.
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QUESTIONS OR 

COMMENTS?

Thanks for your patience 

hearing…
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