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Relationships Can
Be Deceiving

Thought Questions

1.& Use the following two pictures to speculate on what influence outliers have on cor-
relation. For each picture, do you think the correlation is higher or lower than it

would be without the outlier? (Hint: Remember that correlation measures how
closely points fall to a straight line.)
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Q A strong correlation has been found in a certain city in the northeastern United

States between sales of hot chocolate and sales of facial tissues measured weekly for
a year. Would you interpret that to mean that hot chocolate causes people to need
facial tissues? Explain.

: g Researchers have shown that there is a positive corfelation between the average

 fat intake and the breast cancer rate across countries. In other words, countries

with higher fat intake tend to have higher breast cancer rates.?Does ﬂ'ﬁls correlation
prove that dietary fatis a contributing cause of breast cancer? Explain.
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111 Illegitimate Correlations

3 ¢V IERIEE  Highway Deaths and Speed Limits

- The data in Table 11.1 come from the time when the United States still had a maxi-
- mum speed limit of 55 miles per hour. The correlation between death rate and speed
limit across countries is .55, indicating a moderate relationship. Higher death rates
 tend to be associated with higher speed limits. A scatterplot of the data is presented
- inFigure 11.1; the two countries with the highest speed limits are labeled. Notice that
 Italy has both a much higher speed limit and a much higher death rate than any other

%

~ Italy is removed, the correlation dro
. could now claim that Britain is resp
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reported correlations would be accompanied by a scatterplot..Wlthout.a SCatterploy,
however, you need to ascertain whether any of the problems discussed in this sectiop

mav be distorting the correlation between two variables.
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Watch out for these problems with correlations:

= Outliers can substantially inflate or deflate correlations.

= Groups combined inappropriately may mask relationships.

The Impact Outliers Have on Correlations

In a manner similar to the effect we saw on means, outliers can have a large impact
on correlations. This is especially true for small samples. An outlier that is consis-
tent with the trend of the rest of the data will inflate the correlation. An outlier that
is not consistent with the rest of the data can substantially decrease the correlation.

country. That fact alone is responsible for the magnitude of the correlation. In fact, if
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LS RRRE Highway Death Rates and Speed Limits

Death Rate Speed Limit

\ Country (Per 100 Million Vehicle Miles) (in Miles Per Hour)
“B Norway 3.0 55
YE United States 33 55
Finland 34 55
X Britain 3 70
¥y Denmark 41 55
N Canada 43 60
. Japan 4.7 30
Australia 49 60

. Netherlands 5.l 60

‘ Italy 6.1 75

Source: Rivkin, 1986.

 Figure 11.1 4

* An example of how 6.0 - g

I an outlier can inflate

' correlation 3

§ Source: Rivkin, 1986 B
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data points are corrupted, either when they are initially recorded or when they are
entered into the computer. Good researchers check their data using scatterplots,
stemplots, and other methods to ensure that such errors are detected afxd correct_ed.
However, they do sometimes escape notice, and they can play havoc with numerical

measures like correlation.
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PV LRERON Major Earthquakes in the Continental United States, 1880-2012

Date Location Deaths Magnitude
August 31, 1886 Charleston, SC 60 6.6
April 18-19,1906 San Francisco, CA 503 8.3
March 10, 1933 Long Beach, CA 115 6.2
February 9, 1971 San Fernando Valley, CA 65 6.6
October 17, 1989 San Francisco area (CA) 62 7.1
June 28, 1992 Yucca Valley, CA 1 7.5
January 17,1994 Northridge, CA 61 6.8

Source: http://earthquake.usgs.gov/earthquakes/states/historical.php, accessed June 13, 2013

Earthquakes in the Continental United States
Table 11.2 lists major earthquakes that occurred in the continental United States

~ between 1880 and 2012. The correlation between deaths and magnitude for these
. seven earthquakes is .689, showing a relatively strong association. This relationship
~ implies that, on average, higher death tolls accompany stronger earthquakes.

However, if you examine the scatterplot of the data shown in Figure 11.3

" (next page), you will notice that the correlation is entirely due to the famous
' San Francisco earthquake of 1906. In fact, for the remaining earthquakes, the
~ trend is actually reversed. Without the 1906 quake, the correlation for these six
- earthquakes is actually strongly negative, at —.92. Higher-magnitude quakes are
- associated with fewer deaths.

Clearly, trying to interpret the correlation between magnitude and death toll for

~ this small group of earthquakes is a misuse of statistics. The largest earthquake, in

1906, occurred before earthquake building codes were enforced. The next largest

- quake, with magnitude 7.5, killed only one person but occurred in a very sparsely
. populated area. -

The Missing Link: A Third Variable

Another common mistake that can lead to an illegitimate correlation is com-
bining two or more groups when they should be considered separately. The
variables for each group may actually fall very close to a straight line, but
when the groups are examined together, the individual relationships may be
masked. As a result, it will appear that there is very little correlation between the
two variables.

This problem is a variation of “Simpson’s Paradox” for count data, a phenome-
non we will study in the next chapter. However, statisticians do not seem to be as
alert to this problem when it occurs with measurement data. When you read that
two variables have a very low correlation, ask yourself whether data may have been
combined into one correlation when groups should, instead, have been considered

separately.
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Fiqure 11.3
A data set for which
correlation should not

be used

Source: Data from Table 11.2
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™ The Fewer the Pages, the More Valuable the Book?

f you peruse the bookshelves of a typical college professor, you will find a variety

of books ranging from textbooks to esoteric technical publications to paperback

" novels. To determine whether the price of a book can be determined by the

number of pages it contains, a college professor recorded the number of pages
and price for 15 books on one shelf. The numbers are shown in Table 11.3.1s

| there a relationship between number of pages and the price of the book!
| The correlation for these figures is —.312. The negative correlation indicates that

the more pages a book has, the less it costs, which is certainly a counterintuitivé
result.

Figure 11.4 illustrates what has gone wrong. It displays the data in 2

scatterplot, but it also identifies the books by type. The letter H indicates 2
hardcover book; the letter S indicates a softcover book. The collection of books
- on the professor’s shelf consisted of softcover novels, which tend to be fong

but inexpensive, and hardcover technical books, which tend to be shortef but

j l/:ry expensive. If the correlations are calculated within each type, W€ i
| riec ere.suli5 4er would expect. The correlation between number of page® 5
| p Is .64 for the softcover books alone, and .35 for the hardcover

alone. Combini
the ositim e the two types of books into one collection not only mass
positive association between length and price, but produced an illogi .
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LU RRRE Pages versus Price for the Books on a Professor’s Shelf

“ Pages Price Pages Price Pages Price
104 32.95 342 49,95 436 5.95
i 188 24.95 378 4.95 458 60.00
: 220 49,95 385 5.99 466 4995
264 79.95 417 495 469 5.99
336 4.50 417 39.75 585 5.95
Figure 11.4 A H
Combining groups 75 =
produces misleading
correlations (H = hard-
L cover; S = softcover).
kB Ssource Data from Table 11.3. 5
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12 Legitimate Correlation Does Not Imply Causation

Even if two variables are legitimately related or correlated, do not fall into the trap
of believing there is a causal connection between them. Although “correlation does
not imply causation” is a very well known saying among researchers, relationships
and correlations derived from observational studies are often reported as if the con-
nection were causal.

It is easy to construct silly, obvious examples of correlations that do not result from
causal connections. For example, a list of weekly tissue sales and weekly hot chocolate
sales for a city with extreme seasons would probably exhibit a correlation because both

REL it
e noted, afi content on this page is © Cengage Learning.




P Tl W S —r

234

PART 2

Finding Life in Data

- days of eating breakfast cereal, and the res

the summer. A list of shoe sizes and vocapy
words mastered by school children would certainly exhibit a correlation bf?CauSe ol
children tend to have larger feet and to know more words than younger childrep,
The problem is that sometimes the connec"t‘xons do seem to make. sense, and it i
at the observed association as if there were a causal link. Rem@mber
the absence of any other evidence, simply

tend to go up in the winter and down 1n “

der

tempting to tre :
that data from an observational study. 1n
cannot be used to establish causation.

Happiness and Heart Disease
News Story 4 in the Appendix and on the companion website notes that “heart
patients who are happy are much more likely to be alive 10 years down the road than
unhappy heart patients.” Does that mean that if you can somehow force yourself to
be happy, it will be good for your heart? Maybe, but this research is clearly an obser-
vational study. People cannot be randomly assigned to be happy or not.

The news story provides some possible explanations for the observed relationship
between happiness and risk of death:

The experience of joy seems to be a factor. It has physical consequences and also
attracts other people, making it easier for the patient to receive emotional support.
Unhappy people, besides suffering from the biochemical effects of their sour moods,
are also less likely to take their medicines, eat healthy, or to exercise. (p. 9)

Notice there are several possible confounding variables listed in this quote that may help
explain why happier people live longer. For instance, it may be the case that whether
happy or not, people who don't take their medicine and don't exercise are likely to die
sooner, but that unhappy people are more likely to fall into that category. Thus, taking
one’s medicine and exercising are confounded with the explanatory variable, mood, in
determining its relationship with the response variable, length of life. "

Does Eating Cereal Reduce Weight?

In Case Study 6.2 we discussed a news story with the heading “Breakfast cereal

- tied to ’Ower BMI for kids” (http://www.reuters.com/article/2013/04/09/us-health-
- breakfast-idUSBRE93815320130409), which reported on a dietary study conducted

with low income children in Austin, Texas. The study was originally reported in the
Journal of the Academy of Nutrition and Dietetics (Frantzen et al, 2013). The researchers

- asked children what they ate for three consecutive days when they were in each of

grades 4, 5, and 6. In one part of the study, the explanatory variable was number of

: ponse variable was the child’s percentile
for body mass index (BMI). In other words, the response was a measure of how over

weight the child was at that time. The study reported that on average, children who

- ate breakfast cereal had lower BMI than children who did not, and the more cereal
. they ate the lower their BMI percentile was.

We may be tempted to believe that eating breakfast cereal causes children ©°

- weigh less. That's possible, but it is more likely that the observed relationship can %

{
{

~ explained by something else. For instance, a possible confounding variable is gené’®

dietary habits in the home. Children who are fed a healthy breakfast are more ﬁkehf,to
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be fed healthy meals at other times of the day and thus are likely to weigh less than
those who don't eat as well. Another possibility is that both variables have a common
cause, sgch as high metabolism. People with high metabolism are less likely to be
overweight than people who have lower metabolism and are also less able to skip
breakfast. (Note that the study did not distinguish between eating no breakfast and

eating something other than cereal. The explanatory variable was simply the number
of days the child ate cereal)

In the next section we will examine seven possible reasons for a relationship between
?wo variables. The first reason is that a change in the explanatory variable really is caus-
Ing a change in the response variable. But there are six other explanations that could
account for an observed relationship. Remember the well-worn phrase, “correlation does
not imply causation.” Always think about other possible explanations.

1.3 Some Reasons for Relationships Between Variables

We have seen numerous examples of variables that are related but for which there is
probably not a causal connection. To help us understand this phenomenon, let’s exam-
ine some of the reasons two variables could be related, including a causal connection.

Some reasons two variables could be related:

1. The explanatory variable is the direct cause of the response variable.

2. The response variable is causing a change in the explanatory variable.
3. The explanatory variable is a contributing but not sole cause of the
response variable.

Confounding variables may be responsible for the observed relationship.
Both variables may result from a common cause.

Both variables are changing over time.

The association may be nothing more than coincidence.

S - T N

.

Reason 1: The explanatory variable is the direct cause of the response variable.
Sometimes, a change in the explanatory variable is the direct cause of a change in
the response variable. For example, if we were to measure 'amou'nt of food consumed
in the past hour and level of hunger, we would find a relationship. We would' proba-
bly agree that the differences in the amount of food consumed were responsible for
the difference in levels of hunger. ‘

Unfortunately. even if one variable is the direct cause of anpther, we may not see
a strong association. For example, even thqugh intercourse 1s fhe direct cause of
pregnancy, the relationship between having mtercoqrse and getting pregnant 1s not
strong; most occurrences of intercourse do not result in pregnancy.
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Reason 2: The response variable is caqsing a change in the explanatory vy .
able. Sometimes the causal connection 15 t.he opposite of what might be EXpecteq,
For example, what do you think you would find if you studied hotels a"d.deﬁ"t‘d the
response variable as the hotel’s occupancy rate and the explanatory Va‘f‘able as ad-
vertising sales (in dollars) per room? You would probably expect. that higher adye,.
tising expenditures would cause higher occupancy rates. Instead, it turns out that e
relationship is negative because, when occupancy rates are low, botels spend more
money on advertising to try to raise them. Thus, although we might expect highe,
advertising dollars to cause higher occupancy rates, if they are measured at the
same p()in} in time, we instead find that low occupancy rates cause higher advertjs.

ing revenues.

Reason 3: The explanatory variable is a contributing but not sole cause of the
response variable. The complex kinds of phenomena most often studied by re-
searchers are likely to have multiple causes. Even if there were a causal connection
between diet and a type of cancer, for instance, it would be unlikely that the cancer
was caused solely by eating that certain type of diet. It is particularly easy to be mis-
led into thinking you have found a sole cause for a particular outcome, when what
you have found is actually a necessary contributor to the outcome. For example, sci-
entists generally agree that in order to have AIDS, you must be infected with HIV.
In other words, HIV is necessary to develop AIDS. But it does not follow that HIV
is the sole cause of AIDS, and there has been some controversy over whether that is
actually the case.

Another possibility, discussed in earlier chapters, is that one variable is a con-
tributory cause of another, but only for a subgroup of the population. If the re-

searchers do not examine separate subgroups, that fact can be masked, as the next
example demonstrates.

Delivery Complications, Rejection, and Violent Crime

A study summarized in Science (Mann, March 1994) and conducted by scientists at the
University of Southern California reported a relationship between violent crime and
complications during birth. The researchers found that delivery complications at birth
- were associated with much higher incidence of violent crime later in life. The data

- came from an observational study of males born i f
orn in Copenhagen, Denmark, betwee
1959 and 1961. : et 3

o Hc?wever, the connection held only for those men whose mothers rejected them
ejection meant that the mother had not wanted the pregnancy, had tried to have th¢ '

{ geft,t:fseaazrrt‘exgand had sent the baby to an institution for at least a third of his first ye2'
: O Were accepted by their mothers did not exhibit this relationship. Me"

This example was base
- link at all. However, even i
~ tions and subsequent vio|

;1 PN an observational study, so there may not be a Causat |
: the_re S @ causal connection between delivery Comf’l":ar-. L
ntcrime, the data suggest that it holds only fora partic™
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subset of the population. If the researchers had not measured the additional variable
: pf maternal rejection, the data would have erroneously been interpreted as suggest-
ing that the connection held for all men. B

Reason 4: Confounding variables may be responsible for the observed relationship.
We defined confounding variables in Chapter 5, but it is worth reviewing the concept
here because it is relevant for explaining relationships. Remember that a confounding
variable is one that has two properties. First, a confounding variable is related to the
explanatory variable in the sense that individuals who differ for the explanatory variable
are also likely to differ for the confounding variable. Second, a confounding variable
: affects the response variable. Thus, both the explanatory and one or more confound-
B ing variables may help cause the change in the response variable, but there is no way
to establish how much is due to the explanatory variable and how much is due to the
confounding variables. Example 5 in this chapter illustrates the point with several possi-
bilities for confounding variables. For instance, people with differing levels of happiness
(the explanatory variable) may have differing levels of emotional support, and emotional
support affects one’s will to live. Thus, emotional support is a confounding variable for
the relationship between happiness and length of life.

R L o e S e S S =
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Reason 5: Both variables may result from a common cause. We have seen numer-
ous examples in which a change in one variable was thought to be associated with a
change in the other, but for which we speculated that a third variable was responsible.
For example, a study by Glaser et al. ( 1992) found that meditators had levels of an
L enzyme normally associated with people of a younger age. We could speculate that
something in the personality of the meditators caused them to want to meditate and also
caused them to have lower enzyme levels than others of the same age.

As another example, recall the scatterplot and correlation between verbal SAT
; scores and college GPAs, exhibited in Chapters 9 and 10. We would certainly not
£ conclude that higher SAT scores caused higher grades in college, except perhaps for
a slight benefit of boosted self-esteem. However, we could probably agree that the
causes responsible for one variable being high (or low) are the same as those re-
sponsible for the other being high (or low). Those causes would include such factors
as intelligence, motivation, and ability to perform well on tests.

EXAMPLE 1.8 Do Smarter Parents Have Heavier Babies?

News Story 18 in the Appendix describes a study that found for babies in the normal
birth weight range, there was a relationship between birth weight and intelligence in
childhood and early adulthood. The study was based on a cohort of about 3900 babies
born in Britain in 1946. But there is a genetic component to intelligence, so smarter par-
ents are likely to have smarter offspring. The researchers did include mother’s education
and father’s social class in the analysis, to rule them out as possible confounding variables.
However, there are many other variables that may contribute to birth weight, such as
mother’s diet and alcohol consumption, for which smarter parents may have proyided
more favorable conditions. Thus, it's possible that heavier birth weight‘ and‘higher intel-
ligence in the child both result from a common cause, such as parents’ intelligence. =
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Reason 7: The association may be nothing more than coincidence. Sometimes
an association between two variables is nothing more than coincidence. even though
the odds of it happening appear to be very small. For example, suppose a new office
building opened, and within a year, there was an unusually high rate of brain cancer
among workers in the building. Suppose someone calculated that the odds of having
that many cases in one building were only 1 in 10,000. We might immediately sus-
pect that something wrong in the environment was causing people to develop brain
cancer.

The problem with this reasoning is that it focuses on the odds of seeing such a
rare event occurring in that particular building in that particular city. It fails to take
into account the fact that there are thousands of new office buildings. If the odds re-
ally were only 1 in 10,000, we should expect to see this phenomenon just by chance
in about 1 of every 10,000 buildings. And that would just be for this particular type
of cancer. What about clusters of other types of cancer or other diseases? It would
be unusual if we did not occasionally see clusters of diseases as chance occurrences.

We will study this phenomenon in more detail in Part 3. For now, be aware that
a connection of this sort should be expected to occur relatively often, even though
each individual case has low probability.

"'4 Confirming Causation

Given the number of possible explanations for the relationship between two vari-
ables, how do we ever establish that there actually is a causal connection? It isn't
casy. Ideally, in establishing a causal connection, we would change nothing in the
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sected causal variable and then measure the result
sult o g,

environment except the susj
e variable.
ay to est . i
riments. ‘ | b T
ized experiments we try to rule out um_u‘)undmg variables through random 4
sjonment. If we have a large sample and 1f we use proper randomization, e €

g the levels of confounding variables will be about equal in the differe‘n
This reduces the chances that an observed association is due nt
ose that we have neglected to measure. to

suspected outcom
The only legitimate W
the use of randomized expe

ablish a causal connection statistically jg th
As we have discussed earlier

assume that
treatment groups.
confounding variables. even th

1g Possible Causation from Observational Studies

R )

Assessin

Evidence of a possible causal connection exists when

1. There is a reasonable explanation of cause and effect.
2. The connection happens under varying conditions.

3. Potential confounding variables are ruled out.

4. There is a “dose-response” relationship.

If a randomized experiment cannot be done, then nonstatistical considerations must
be used to determine whether a causal link is reasonable. Following are some fea-
tures that lend evidence to a causal connection:

1. There is a reasonable explanation of cause and effect. A potential causal con-
nection will be more believable if an explanation exists for how the cause and effect
occur. For instance, in Example 11.4 in this chapter, we established that for hardcover
books, the number of pages is correlated with the price. We would probably not con-
tend that higher prices result in more pages, but we could reasonably argue that mor¢
pages result in higher prices. We can imagine that publishers set the p;ce of a book
t?ased fon the cgst of producing it and that the more pages there are, the higher the
:}:);tl ;)n(y}:rrlodl‘xcnqn. Thus, we have a reasonable explanation for how an increase i
gth of a book could cause an increase in the price.

. J 1 h({ ¥

jg;idf;‘:ira:l:ezf: C‘?n'dm‘ons all find the same link between two variables, the &
N o e G %amtezgop it St.rengthe'ned. This is especially true if the studies ar ot
same type of "datignship h’(‘)l‘()jlfndmg variables. The evidence is also strengthened if the
B i ds when the explanatory variable falls into different ranges
merous observational studies have related cigarette smokiné

and lung cancer :

cigarettci smoke.d F:;lzhii; tlhe Sttludles have shown that the higher the number

: % ) greater the chan imilarly: ol
connection has been established betwee h smoki“é

began. These facts make jt more plausib

ces of developing lung cancer: §
n lung cancer and the age at whic
le that smoking actually causes lung cancer:
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?n ;n”:b':lzla\{dct ;;ngs]zlil(ulgzg variab‘l’es (lreirulecf’ out. When a relationship first appears
iy -ag : g/e pOté{ltlal colntot.mdmg va'nables may immediately come to
Sl ,m\otherfl‘e\?s Sl(?ry in Flgur.e ?.l 1llusFrates. th.e researchers in Case
' 2 s smoking and child’s 1Q did take into account possible
confounding variables such as mother’s education and IQ. The greater the number

of confoundi tors ‘ inci i
fc undmg factors that can be ruled out, the more convincing the evidence for a
causal connection.

4. Thefre is a “dose-response” relationship. When the explanatory variable in a
study is a measurement variable, it is useful to see if the response variable changes
systematically as the explanatory variable changes. For example. the study by Freed-
man et al (2012) explained in Case Study 6.5 asked people aged 50 to 71 years old
how much coffee they drank, and then kept track of them for the next 12 years to see
if they died during that time period. They found that the more coffee people drank
. (up to 5 cups a day), the less likely they were to die during the 12 year follow-up.
B The “dose” of amount of coffee was related to the “response” of dying or not. The
i relationship between coffee drinking and likelihood of death during the 12 years
L 3 held for both men and women. This “dose-response” relationship strengthens the
3 likelihood that there is a causal connection, although there are still potential con-
founding variables that could explain the relationship. For instance, people seem to
have a genetic predisposition to metabolize caffeine at differing rates, and perhaps
that is related to both amount of coffee they drink and age of death.

o A Final Note

| 3 As you should realize by now, it is very difficult to establish a causal connection be-
tween two variables by using anything except randomized experiments. Because it
is virtually impossible to conduct a flawless experiment, potential problems crop up
even with a well-designed experiment. This means that you should look with skep-
ticism on claims of causal connections. Having read this chapter, you should have
the tools necessary for making intelligent decisions and for discovering when an er-

roneous claim is being made.

Thinking About Key Concepts

e An outlier in a scatterplot that fits the pattern of the rest of the data will increase
the correlation. An outlier that does not fit the pattern of tt}e rest of the data can
substantially decrease the correlation, depending on where it falls'. .

« Combining two or more groups ina scattemlot can distort the relationship b;at'we;n
the explanatory and response variable. It is better to use a separate symbol in the

lot to identify group membership. e
. E;’here are many reasons that two variables could be related other than a drrfau.
reason is that there are confounding

fect ¢ i st common
cause-and-effect connection. The mos i e :
variables that are related to the explanatory variable and affect the response variable.




