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Regression Analysis
Not a course on regression analysis – a lot of you will examine this technique in much more
detail elsewhere as it is by far the most common research method used by economists

Things I want you to be able to do in this module
- Get an intuitive understanding relating to how regression analysis works
- What are the benefits of multivariate regression analysis relative to simple bivariate correlational study designs/inferential statistics
- What are the potential pitfalls when using this method
 You will know you are on track if you are able to explain the following

P-values, Null-hypothesis, Dependent variable, Independent variable,
Omitted variable bias (confounding variables), bi-directional causality
and build and interpret the output from a regression model (this latter issue will be
examined in more detail in the practicals)

Regression language
 Dependent variable (also called outcome variable -Y): The variable

whose variation is to be explained (attributed to variation of explanatory
variables)
 Independent variables (also called predictor/explanatory variables

- X): The variables that are believed to influence the dependent variable.
So lets say we are economists hired to look at the potential effects of gender
discrimination in the labour market
Dependent variable = ?
Key independent variables = ? Other independent/control variables = ?
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Null hypothesis and P values
 Null hypothesis: is that things are the same as each other, or the same as a

theoretical expectation (e.g. in previous example there are no statistically
significant gender differences)
 Statistical significance is determined by looking at the p-value
 A strong p value (typically < .05) indicates strong evidence against the null

hypothesis
The lower the p-value, the lower the probability of obtaining a result like the one that was
observed if the null hypothesis was true
- The possibility that the null hypothesis is true and that we simply obtained a rare result can
never be ruled out completely
-

-

ALSO

P values
 Just because you find a strong relationship does not mean they are

causally related
 p-values is not all that matters
 Just one part of the story – distinguish between correlation and causality!

Multivariate regression analysis
e
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Hypothesis testing
 Each coefficient estimate has a standard error, which measures the standard deviation of

the sampling distribution of the regression coefficient
- in other words it measures the accuracy of the estimate of the coefficient
 As n (sample size) increases, standard error goes down and as such bigger samples

gives us more precise estimates (e.g. smaller confidence intervals)
- What this means in practice is smaller confidence levels around our estimates (e.g. we can more
precisely estimate the ‘true’ estimated effect and thus obtain lower p-values
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Eating Sushi Makes You Smarter? – lets work through an example to
illustrate the benefits of multivariate regression analysis
Scientists correlated dietary patterns with test scores and reported that children who eat sushi
score higher on vocabulary tests than children who don’t. The results have a statistical
confidence measure of 95% (p-value < 0.05). The effect of other foods was also studied, but
statistically significant results were obtained only for sushi. For example, peanut butter did
not show this effect.
Dieticians at local schools, after being informed of the results, said that they will add sushi to
their school lunch program.
Ok, so study suggests a strong correlation between eating sushi and test scores: Can you make
a causal inference here?

=

?

Eating Sushi Makes You Smarter? – lets work through an
example to illustrate the benefits of regression analysis
Scientists correlated dietary patterns with test scores and reported that children who eat sushi
score higher on vocabulary tests than children who don’t. The results have a statistical
confidence measure of 95%. The effect of other foods was also studied, but statistically
significant results were obtained only for sushi. For example, peanut butter did not show this
effect.
Dieticians at local schools, after being informed of the results, said that they will add sushi to
their school lunch program.
Ok, so study suggests a strong correlation between eating sushi and test scores: Can you make
a causal inference here? No, differences in income, amongst others, is likely to be driving the
result

=

?

Multivariate regression analysis
 Regression analysis can overcome this problem if you have the necessary

data as it allows you to directly control for the confounding (omitted)
variables (e.g. family income)
 In previous example of relationship between eating sushi and test scores you

could add income as an additional explanatory variable to your
regression equation
 What this means is that you can examine the relationship between eating sushi

and test scores controlling for income differences (i.e. income differences would not
bias your estimates)

OLS in STATA: command line
 At the command line, simply type:

regress depvar var1 var2
 Replace depvar with the name/identifier of your dependent variable,

var1, var2 with the name/indicator of your independent variables.
 regress test scores sushi family_income
 We will examine regression analysis in STATA in more detail in the

computer practicals.

Regression output
Test Scores (%)

Coef.

Eat sushi (1= yes, 0 = no)

0.23

Std. Err.

P>t
0.003

Regression output
Test scores (%)

Coef.

Std. Err.

P>t

Eat sushi (1= yes, 0 = no)

0.06

0.35

Family income (000’s)

0.09

0.04

So, can we now conclude that eating sushi does not effect test scores?

Regression output
Test Scores (%)

Coef.

Std. Err.

P>t

Eat sushi (1= yes, 0 = no)

0.06

0.35

Family income (000’s)

0.09

0.04

So, can we now conclude that eating sushi does not effect test scores?
Nope! Fairer to say that we find no evidence to suggest that eating
sushi affects test scores
To truly get at causality we would need an experimental design (more
on that next week)

 Omitting confounding variables (e.g. income in the previous

example) from your analysis can bias the coefficient estimates.
What does that mean exactly?
 Overestimate the strength of an effect.
• Underestimate the strength of an effect.
• Change the sign of an effect.
• Mask an effect that actually exists
• We have seen lots of examples of this over the last two lectures

Omitted variable bias
 Think through this intuitively – remember omitted variable bias means that your
 If the omitted variable (Z) is positively correlated with the outcome variable (Y) and

there is also a positive correlation between the omitted variable and your explanatory
variable (X) then your estimate of the relationship between X and Y will be an
overestimate (upward bias), underestimate (downward bias), or no bias?

 If the omitted variable (Z) is negatively correlated with the outcome variable (Y) and

there is also a negative correlation between the omitted variable and your explanatory
variable (X) then your estimate of the relationship between X and Y will be an
overestimate, underestimate, or no bias?

 If, however, either the effect of the omitted variable or the correlation with the

treatment variable is positive whereas the other is negative, then?

When looking at the relationship
between two variables
Ask yourself two questions
1. Are there any confounding variables (omitted variable bias)?
If so, what effect would omitting these confounding variables have on my
estimate of the relationship (e.g. would you expect a downward up
upward bias?)

2. Is the relationship bi-directional?
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Ordinary least squares regression
Find a line that represent the
”best” linear relationship:

b  ax

Test
scores

Sushi
Ordinary Least-Squares

Ordinary least squares
b
ei  bi  ai x
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• Find the line that minimizes
the sum:
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The classical assumptions
These assumptions must be met in order for OLS estimators to be the best available – in
practice it is rare that all these are met and so trade-offs often need to be made
1.

The regression model is linear, is correctly specified and has an additive error term

2.

The error term has a zero population mean

3.

All explanatory variables are uncorrelated with the error term (endogeneity)

4.

Observations of the error term are uncorrelated with each other (no serial correlation)

5.

The error term has a constant variance

6.

No explanatory variable is a perfect linear function of another (perfect multicollinearity
– next slide)

7.

The error term is normally distributed

 Beyond the scope of this course to discuss these in great detail here but those of you

doing econometrics will be really delving into all of these
 As the module progresses we will be discussing some of these in a little more detail

Multicollinearity
 When two variables are perfectly correlated – when they move in perfect

lockstep – we cannot tell them (or more precisely their variation apart – perfect
multicollinearity
- e.g. body weight in kilos and body weight in pounds
- Stata would automatically drop one of the variables
 When the independent variables are highly correlated, but not perfectly

correlated they may be included in the same equation – but it can make it
difficult to estimate the coefficient with precision
- multicollinearity means less unique variation (information) available
- multicollineairty means the regression coefficients will have larger standard errors
and thus less precision

Multicollinearity
 Some multicollinearity exists in every model specification

- So it’s really a question of how much multicollinearity exists in an
equation, rather than whether any multicollinearity exists
 If you suspect multicollinearity is a problem then often the best thing to do is

simply look at the correlations between all the explanatory variables.
 If two of them are very highly correlated then you could try dropping one of

the offending variables from your model specification and see if that helps
 There is also something called a VIF than you can compute but I much prefer a

simple examination of the correlation coefficients.

Types of regression model
 Choice depends on the structure of your dependent/outcome variable
 If it is continuous then you can use Ordinary Least Squares.

- we will focus on this one in the computer practical
 If categorical then you should use logistic regression (more on this

next lecture)
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Potential limitations with using
multivariate regression analysis
 Can be hard to control for everything (i.e. all omitted variables)

- still a big improvement over simple correlations/inferential statistics
and can be a very useful technique to know in applied economics
- probably the basic building block for most analysis undertaken by
economists
 Basic regression techniques are appropriate when influence runs from the

explanatory variables to the dependent variable, but not from the dependent
variable to an explanatory variable (no reverse/bi-directional causality)

Model Specification
 1.
 2.
 3.

 4.

Theory of Field (e.g., Economics)
Mathematical Theory
Previous Research
‘Common Sense’

 In short have you developed firm predictions

in advance of the analysis – be wary of pattern
finding (will come back to this a lot as course progresses
EPI 809/Spring 2008

Extra reading:


Excellent blog: http://statisticsbyjim.com/



Read the following chapter carefully. Chapter 10 Making Sense of Multivariate Statistics in Research
Methods in Practice (Dahila Remler and Gregg Van Ryzin) available through the library as an e-book



I have also attached two further introductory chapters on this topic to this lecture on Minerva –
please read carefully before the seminar



Computer practical next. We will get some hands on experience when it comes to using STATA –
first for inferential statistics before building up to multivariate regression analysis



Before class next week answer the question set on Minerva
- Interpret the coefficients in the regression model
- Analysis suggests pay gap between EU as opposed to non-EU citizens
- Have you any hypothesis to explain these differences?

- If we wanted to attribute this gap to discrimination – what could we do to strengthen the
results?

