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Correlation and Confounding

Correlation measures the strength of the relationship
between two variable.

It is a pure number, so can be compared to correlations
between other variables

If variables A and B are correlated, and variable A is also
correlated to C, then B is correlated to C.

Thus, correlation doesn’t imply causal relation
This phenomenon is called confounding
Good experimental design can minimize confounding
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Correlation and Confounding

Example (p514): Children’s vocabulary is correlated to shoe
size. Of course, both are correlated to age.

Example 7.1: The experiment was designed so that volume
and time were almost perfectly correlated. So there is no way to
work out their relative affects on absorption. In particular, we
can NOT conclude that time and volume both affect absorption.
For all we know, only one of them has any affect, and the
other’s correlation is a total artifact of the poor design.

Regression Models (1)

A regression model predicts a random variable as a function
of other variables.

Response variable
Predictor variables, predictors, factors
All must be quantitative variables to do calculations

What is a good model?
Minimize the distance between predicted value and
observed values

Try #1: Use the mean value of the predictor variable as the
response value.

High error
CS 5014: Research Methods in

Computer Science Fall 2015 210 / 294

Regression Models (1)

A regression model predicts a random variable as a function
of other variables.

Response variable
Predictor variables, predictors, factors
All must be quantitative variables to do calculations

What is a good model?
Minimize the distance between predicted value and
observed values

Try #1: Use the mean value of the predictor variable as the
response value.

High error

20
15

-1
1-

03

CS 5014

Regression Models (1)

So cannot do regression on categorical variables.

Regression Models (2)

Try #2: Linear model: ŷ = b0 + b1x where y is the response
variable, x is the predictor variable, and b0, b1 are regression
parameters (determined by the data)

Error: ei = yi − ŷ for the i th observation.

Least-squares: Minimize the sum of squared errors, subject
to the constraint that the mean error is zero.
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no notes



Parameter Values

To get the least squares values for b0, b1, use:

b1 =

∑
xy − nxy∑
x2 − n(x)2

b0 = y − b1x

Disk I/Os and processor times for 7 program runs: (14,
2), (16, 5), (27, 7), (42, 9), (39, 10), (50, 13), (83, 20)
From the data, plug into the formulas to get
b1 = 0.2438, b0 = −0.0083.
So, CPU time is predicted as −0.0083 + 0.2438(# of
disk I/Os)
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Need to see a plot for this.

Allocation of Variation (1)

The purpose of a model is to predict the response with
minimum variability.

No parameters: Use mean of response variable
One parameter linear regression model: How good?
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no notes

Allocation of Variation (2)

A measure of error without regression would be squares of
differences from the mean

Also called the total sum of squares (SST)
Is a measure of y ’s variability: variation
SST =

∑
(yi − y)2 = (

∑
y2

i )− ny2 = SSY − SS0
SSE with regression =

∑
(yi − ŷi)

2.
The difference between SST and SSE (with regression)
is the sum of squares explained by the regression, or
SSR.
The fraction of variation explained is called the
coefficient of determination, R2 = SSR

SST = SST−SSE
SST

Note this is the square of the coefficient of correlation
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Allocation of Variation (2)

So SST is the “worst” error, error without regression.

SSY: Sum of squares of the y values: y =
∑

y2.
SS0: Sum of squares of y = ny2.

Allocation of Variation Example

From previous example, R2 = SSR
SST = 199.84

205.71 = 0.9715. Thus,
97% of the variation in CPU requirements is explained by
Disk I/O requirements.

Question: What is cause and what is effect?
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Confidence Intervals (1)

We can (and should) compute confidence intervals for b0

and b1 in the normal way.
For the example, n = 7. Note that the degrees of
freedom will be n − 2 since the values are partly fixed
given that we have set values to b0 and b1.
Using the table, a t-variate at 0.95-quantile and 5
degrees of freedom is 2.015.
Calculating standard error for the sample, we get a
confidence interval for b0 of (-1.6830, 1.6663). We
cannot reject the null hypothesis in the y -intercept.
Calculating standard error for the sample, we get a
confidence interval for b1 of (0.2061, 0.2814). The slope
seems to be really there.
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Standard error: s/
√

n.
b0 ± zs/

√
n

b1 ± zs/
√

n

Confidence Intervals (2)

When calcuating confidence intervals, the standard
deviations have this in the denominator:∑

(xi − X )2.

When you design the experiment, you might be able to
pick the xi values.
So you would like bigger range of xi to increase the
sum, and thus the denominator (to decrease the
standard deviation and thus the confidence interval)
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Confidence Intervals (2)

Degrees of Freedom:

SST = SSY− SS0 = SSR + SSE

n − 1 = n − 1 = 1 + (n − 2)


