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Chapter2.4 ÐCautionsabout Correlation and Regression

some regres sion pitf al ls

When studying the relationship between two variablesthrough correlation
and regressionbeware the following

1 extrapolation

2 correlationsbasedon averageddata

3 lurking variables

4 association is not causation
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Extrapolation:

We can only use the LS regressionline for predictionswithin the rangeof
x-valuesused to Þt the line. Predicting outsidethis rangeis called
extrapolation. Such extrapolated predictionscan be highly unreliable
becausewe donÕtknow how the linear relationship continues.

Correlations based on averaged data:

Correlations based on averages of several individuals are usually higher
than when appliedon individuals itself. Why? By usingaverages we can
smooth out variability between individuals. (more variation weakens
correlation)
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Lurking variables:

considerthe following example:

A personÕs height and the ideal height of that personÕspartner is
negativelycorrelated, i.e. the taller a person is the shorter the ideal
height of that persons partner becomes!!!

How can this be? LetÕshave a closer look at this example

collected data:

explanatory variable x Ñ own height in inches

responsevariable y Ñ ideal partnerÕsheight in inches

additional variable Ñ gender

data was collected on last semesters 226 and 326 students
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We would expect a positiveassociation, i.e. as a personÕsheight increases,
so doesthe idealheight of that personÕspartner simply implying that taller
people prefer taller partners.

sounds reasonable, here are the results from the data analysis
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ideal height  = 80.081761 - 0.1654006 own height 
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What is going on???!!!

Fitt ing a linear model to all the observations ignoresan important
variable: gender
if we mark gender on the scatterplot, a very di! erent association
between height and partnerÕsheight emerges:
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within each gender, taller people 
indeed tend to prefer partners that 
are also taller

genderis a so-called lurk ing variable
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hereare the results if we Þt a regression model for eachgender separately
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Linear Fit  Gender==0
ideal height  = 35.798818 + 0.5469203 own height 

Linear Fit  Gender==1
ideal height  = 34.971329 + 0.4484906 own height 
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interpretation of the slopes:

amongfemales, every additional inch in a womanÕsheight is
associated with an increaseof inchesin her ideal
partnerÕsheight.

resultsfor men are similar: every additional inch in a manÕsheight is
associated with an increaseof inchesin his ideal
partnerÕsheight.

lurking variable

A lurking variable is a variable that has an important e! ect on the
relationship of the variables under investigation, but that is not includedin
the variables being studied.

Often the existenceof lurking variablesis unknown or its e! ect simply
unsuspected.
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correlation does not imply causation:

considerthe following (ridiculous)statements:

ice cream salesand the number of shark attacks are positively
correlated, so by selling lessice cream can decrease the number of
shark att acks

the number of Þremen and the total damage caused by the Þre are
positively correlated,so sending more Þremen causesmore damage.

the life expectancy in a country and people per televisionin that
country are posit ively correlated, so by sending more TVs to countries
with a low life expectancy we can increase their life expectancy
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the previous three examplesmay havebeen entertaining, but the following
two examples are real published studies:

A 1975study found: ÒEducation has a positive e! ect in health.Ó

A 1990survey of Health Statistics found: ÒThe larger the hospital,
the longer the stay in the hospital.Ó

Again, what is going on?

Only becausetwo variablesare highly correlated, does not meanthat one
causesa change in the other, statistically speaking we say that correlation
does not imply causation. (we just mentioned lurking variables)
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two relationships which can be taken (or mistaken) for causationare:

1 common res ponse: both x and y respond to changes in some
unobserved variable (a lurking variable). All previousexamplesare
examples of a commonresponse, e.g.

ice cream salesand shark attacks both increaseduring the summer

number of Þremen and total damagecaused by Þreincreasewith
severity of Þre

1990study Þnding: ÒThelarger the hospital, the longerthe stay in the
hospital.Ó
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2 conf oun din g: the e! ect of x on y is hopelessly mixed up with the
e! ects of other explanatory variableson y.

example: study e! ect of somemedication

give the drug to a group of patients and record e! ect

we are confounding the e! ect if giving patients the medicationwith
giving them any pill

manypeople report a beneÞt of the drug simply being given a sugar pill
with no medication in it at all Ñ the so-called placebo e! ect

to establish a cause-and-e! ect relationship a designedexperiment must
be conducted
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