CHAPITLR

Relationships Between
Measurement Variables

Thought Questions

. Judging from the scatterplot in Figure 9.5, there is a positive correlation between ver-
bal SAT score and GPA. For used cars, there is a negative correlation between the age

of the car and the selling price. Explain what it means for two variables to have a
positive correlation or a negative correlation.

Al - Suppose you were to make a scatterplot of (adult) sons’ heights versus fathers’
heights by collecting data on both from several of your male friends, You would

now like to predict how tall your nephew will be when he grows up, based on his

father's height. Could you use your scatterplot to hel
Explain, P elp you make this prediction?

Do you think each of the following pairs of variables woul
tion, a negative correlation, or no correlation? RV 2 poive comh"

1. Calories eaten per day and weight,
yries eaten pcr day and 1Q.

g
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10.1 statistical Relationships

Qne of the 1r}t§:resting advances made possible by the use of statistical methods
is the ~quant1f1cati0n and potential confirmation of relationships. In the first
part of Fhis book, we discussed relationships between aspirin and heart attacks,
meditation and test scores, and smoking during pregnancy and child’s 1Q, 10
name just a few. In Chapter 9, we saw examples of relationships between two
variables illustrated with pictures, such as the scatterplot of verbal SAT scores
, and college GPAs.

Although we have examined many relationships up to this point, we have not
considered how those relationships could be expressed quantitatively. In this ‘chap-
ter, we discuss correlation, which measures the strength of a certain type of rgla—
tionship between two measurement variables, and regression, which is a numerical

method for trying to predict the value of one measurement variable from knowing
the value of another one.

s e b e NSRS

Statistical Relationships versus
Deterministic Relationships

A statistical relationship differs from a deterministic relationship in that, in the
latter case, if we know the value of one variable, we can determine the value of the
other exactly. For example, the relationship between volume and weight of water is
deterministic. The old saying, “A pint’s a pound the world around,” isn’t quite true,
but the deterministic relationship between volume and weight of water does hold. (A
pint is actually closer to 1.04 pounds.) We can express the relationship by a formula,
and if we know one value, we can solve for the other (weight in pounds = 1.04 X
volume in pints).

Natural Variability in Statistical Relationships

In a statistical relationship, natural variability exists in the relationg
the two measurements. For example, we could describe the
between height and weight for adult females, but very few
exact formula. If we knew a woman’s height, we could pred
for all women with that same height, but we could not predict her wa:
Similarly, we can say that, on average, taking aspirin cre othwelght exactly.
one’s chance of having a heart attack, but we canpot Padint o or .day reduces
one specific individual. at will happen >
Statistical relationships are useful for describine M
tion, or aggregate. The stronger the relationship‘ thebmore ‘appe.ns 10 a ot
ing what will happen for an individual. When regeq, h useful it ig fop predict
statistical relationships, they are not claiming th Searcherg 4
everyone.

hip between
average relationship
women would fit thay
Ict the average weight

«
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102 gtx:ength versus Statistical Significance

cal relationship exists between tyo ‘vz.lriables‘, researchers mus
usually rely on measurements from only a sample f)f lflhd.lvﬁ:cﬂ:xfirifzvi laffger pOP"
ulation. However, for any particular samplfz. a relations ip Iy \b ven i fh‘f‘:re is
no relationship between the two variables in the populatlol_l. trr}ay € just the “lyck
of the draw” that that particular sample exhibited the relationship. |

For example, suppose an observational sFudy followed for 5 years a sample of
1000 owners of satellite dishes and a sample of 1000 nonowners and found that four of
the satellite dish owners developed brain cancer, whereas only two of the nonowners
did. Could the researcher legitimately claim that the rate of cancer among all sae]-
lite dish owners is twice that among nonowners? You would probably not be per-
suaded that the observed relationship was indicative of a problem in the larger
population. The numbers are simply too small to be convincing.

To find out if a statisti

Defining Statistical Significance

To overcome this problem, statisticians try to determine whether an observed rela-
tionship in a sample is statistically significant. To determine this, we ask what the
chances are that a relationship that strong or stronger would have been observed in the
sample if there really were nothing going on in the population. If those chances are
small, we declare that the relationship is statistically significant and was not just a
fluke. To be convincing, an observed relationship must also be statistically significant.

e |

Most researchers are willing to declare that a relationship is statistically ;
significant if there is only a small chance of observing the relationship in I
th.e sample when actually nothing is going on in the population. A common
criterion is to define a “small chance” to be 5%. but sometimes 10%, 1%, or ]
some other value is used. In other words, a relationship observed in sample
data is typically considered to be statistically significant if that relationship is
stronger than 95% of the relationships we would expect to see just by chance.

Of course, this reasoning carries with it the implication that of all the relationship’
that do occur by chance alone, 5% of them wi]] erroneously earn the title of stafistic”
foi i, b owever, this s the price e Pay for not being able to measure the €1
population—while still being able to determine that statistically sienificant relationshif*
do exist. We will learn how to assess statistical Signiﬁcahce inyChga prers 1.2 and 2%

Two Warnings about Statistica] Significance

Tswo important points, which we will study in detail jn Chapter 24, often
ple to misinterpret statistical significance, First, it is easier to rule out ch
observed relationship is based on very large numbers of observati :
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relationship will achieve “statistical significance” if the sample 1s very rclitions'hip
: . T o 1S a strong st

ever, earning that title does not necessarily imply that there is a sirong

or even one of practical importance.

m Small but Signiﬁcant Increase in Risk of Breast Cancer

. k "
. st cancer risk,
- News Story 12 in the Appendix, “Working nights may increase :tr:;s of the study:
- contains the following quote by Francine Laden, one of the S ificant.” As a reader,
- “The numbers in our study are small, but they are statistically i;gr; veals the answer:
' ink that means? Reading further in the news s
| what do you thin g foni | found

nth for one to
ho worked

The study was based on more than 78,000 nurses from 1985 ;?;fggn?o
that nurses who worked rotating night shifts at least threee; on
29 years were 8 percent more likely to develop'breast cancb '36 s
the shifts for more than 30 years, the relative risk went up 0y

; isk of
i ses in the n
L I m & he small increa
| The “small numbers” Dr. Laden referenced were t

the
: cent). Because
B & percent and 36 percent (eSperC\'a"Y taf;Ieer:tei;nship observed in
* sm
E . study was based on over 78,000 women, even the ulation. In other words, the
Sé ] the sample probably reflects a real relationship in the pop -

is “statisti ignificant.”
. relationship in the sample, while not strong, is statistically sig

i i “statistical sig-
Second, a very strong relationship won't necessarily achn:r\i; sk AP
nificance” ,if the sample is very small. If yc_)u“read aboutt Vrve(;sevariabl.e R
to find a statistically significant relationship hbte:;::rznim't e G

i tha s
i i that they have proven
confused into thinking

“hance as an
idn’ ements to rule out ¢

i didn’t take enough measur

be that they simply

explanation.

m Do Younger Drivers Eat and Drink More while Driving?

Story 5 (summarized in the Appendix), “Driving while distracted is common,
ews Sto \ :
Q :asearchers say” contains the following quote:

] le to 70 when they ran into
/ to reduce the sample size from 144 peop .
Stutts te‘;’; t,;:?c‘: constraints while minutely cataloging hundreds of hours of video.
budge(tjace d sample size does not compromise the researchers’ findings, Stutts said,
ZZ;;ZQLL it does make analyzing population subsets difficult.

does this mean? Consulting Original Source 5 on the com
| What le explicitly stated is when the researchers tried to com
exami?:;:l s. For instance, in Table 7 of the report (p. 36), it is show
?g-etgg 29?year—old drivers were eating or drinking whil
| weren't as bad, with 71.4 perce.:nt‘of drivers in their 3
| drivers in their 50s eating °'f dr.mkmg.‘And amere 42,
i m observed eating or. drinking while driving. It would seem that theg
differences in behavior in the population of all drivers, and not jyst ; R e
observed in this study. Bu.t because there were only 14 drivers g R .the Crivers
roup, the observed relationship between age angd >erved in €ach age

e Ry
ting behavior IS not statistically

Panion website, one
Pare behavior across

hy nthat929 percent of
e driving. Midd|e~aged drivers

0s and 40s and 786 percent of
9 percent of drivers 60 and over
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¥ : her or not the relationship exists ;
significant. It is impossible to know whet p Sinthe Pop,

| lation. The authors of the report wrote:
Compared to older drivers, younger drivers appeared more likely to eat or dring Sy
driving. . .. Sample sizes within age groups, however, were small, Prohibiting Valiq #

statistical testing. (pp. 61-62)

: Notice that in this example, the authors of the original report and the journalisy “

- wrote the news story interpreted the prol'Jlem. correctly. An Incorrect, and ney UnCOn:
mon, interpretation would be to say that ’”no S{gnlﬁcan'c‘ difference V\{as foung in eatjn
and drinking behavior across age groups. While t.echmcally trug, this languzwe Woug

- lead readers to believe that there is no dlfferenc'e in these behaviors in the POPUatiy

' when in fact the sample was just too small to decide o.ne way (?Ir the other, Occasiona”y a

5 completely misleading statement will be mac%e by saymg that “no difference” Was fong

' when the author means that no statistically significant difference was found, ’

10.3 Measuring Strength Through Correlation

A Linear Relationship

It is convenient to have a single number to measure the strength of the relationship
between two measurement variables and to have that number be independent of the
units used to make the measurements. For instance, if height is reported in inches ip-
stead of centimeters (and not rounded off in either case), the strength of the relatiop-
ship between height and weight should not change.

Many types of relationships can occur between measurement variables, but in
this chapter we consider only the most common one. The correlation between two
measurement variables is an indicator of how closely their values fall to a straight
line on a scatterplot. Sometimes this measure is called the Pearson product-moment
correlation or the correlation coefficient or is simply represented by the letter 7.

Notice that the statistica] definition of correlation is more restricted than its common
usage. For example, if the valye of one measurement variable is always the square of
the' value of the other variable, they have a perfect relationship but may still have no st
tlSl‘l(,?aI correlation. As used in Statistics, correlation measures linear relationships opl)’l
that is, it measures how close the individual points in a scatterplot are to a straight ine

Other Features of Correlations

; Here are some other features of correlations:

; -« linear reld-
& 1"_, A correlation of +1 (or 100%) indicates that there is a perfect hn&g‘:
o :mln‘ P ?"‘We@ﬂ the two variables. As one increases, so does the 0' blés
”‘ ‘mestic linear relationship.
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A correlati IR Y iy s g : :
: cor r.t,ldtl()n of —1 also indicates that there is a perfect linear rela-
ionship between the two variables. However, as one increases, the

other decreases. The individuals all fall on a straight line that slopes
downward.

A correlation of zero could indicate that there is no linear relationship be-

tween the two variables. It could also indicate that the best straight line
through the data on a scatterplot is exactly horizontal.

. A positive correlation indicates that the variables increase together.

A negative correlation indicates that as one variable increases, the other
decreases.

6. Correlations are unaffected if the units of measurement are changed.
For example, the correlation between weight and height remains the

same regardless of whether height is expressed in inches, feet, or
millimeters.

Examples of Positive, Negative, and No Linear Relationship

Following are some examples of both positive and negative relationships. Notice
how the closeness of the points to a straight line determines the magnitude of the cor-
relation, whereas whether the line slopes up or down determines if the correlation is
positive or negative.

RLTVTTTETET Verbal SAT and GPA

In Chapter 9, we saw a scatterplot showing the relationship between the two vari-
. ables verbal SAT and GPA for a sample of college students. The correlation for the
| data in the scatterplot is /485, indicating a moderate positive relationship. In other
words, students with higher verbal SAT scores tend to have higher GPAs as well, but
the relationship is nowhere close to being exact.

W Husbands’ and Wives’ Ages and Heights
3 | Marsh (1988, p. 315) and Hand etal. (1994, pp. 179-183)
| and heights of a random samplfe of 200 married co

in 1980 by the Office of Population Census and Sury
(see next page) show scatterplots for the ages and t
, the couples. Notice that the ages’fall m‘fCh ,closer o

heights. In other words, husbands’ and wives’ ages are
. whereas their heights are less closely relatec.L The corr
| and wives’ ages is .94, whereas the correla'tlon betwe
| Thus, the values for the correlations confirm what

reported data on the ages
uples in Britain, collected
eys. Figures 10.1 ang 10.2
he heights, respectively, <.3f

a straight line th

; an do
likely to be clo ihe
elation betwee
en their hej

sely relateq,
ants is gnp|

we see frOm 3 y 36

. scatterplots. look'“g at the
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Figure 10.3 A
Hours spent studying for 30 &
[ aStatistics class and num-
. berof facebook friends; 2s L
" comelation = —.057
Source: The author’s students.
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Number of Facebook friends

ambitious in general and studied more? Two of the questions on a survey of students
in two introductory statistics classes in the 2011 Winter quarter were:

+ How many Facebook friends do you have?
+ How many hours per week on average do you study for this class? Include time spent
studying, doing homework, and in office hours, but not time in class or discussion.

Of the 277 students who responded, 267 were Facebook users. Figure 10.3 displays a
scatterplot of their responses to these two questions. (Two outliers with unrealistic val-
ues on one or the other of the questions were removed because they were clearly face-
tious answers.) There does not appear to be much of a relationship between these two
variables, and the near-zero correlation of -.057 confirms this fact. The outlier at the top
of the plot is a person who studied 30 hours a week and had 150 Facebook friends. That
point is somewhat responsible for the negative correlation, and in fact, if that individual
is removed the correlation is even closer to 0, at —.032. There does not appear to be a
- | linear relationship between number of Facebook friends and study hours. ®

ional Golfers’ Putting Success

n (1994, p. 507) reported on a study conducted by Sports fljustrated magazine in
ch the magazine studied success rates at putting for professional golfers. Using data
5 tournaments, the researchers determined the percentage of successful putts at
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Figure 10.4
Professional golfers’
putting success rates;
correlation = — 94
Source: Iman, 1994,
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Defining Regression

We call the procedure we use to find a straight line that comes as close as possible
to the points in a scatterplot regression; the resulting line, the regression line; and
the formula that describes the line, the regression equation. You may wonder why
that word is used. Until now, most of the vocabulary borrowed by statisticians had
at least some connection to the common usage of the words. The use of the word re-
gression dates back to Francis Galton, who studied heredity in the late 1800s. ( See
Stigler, 1986 or 1989, for a detailed historical account.) One of Galton’s interests
was whether a man’s height as an adult could be predicted by his parents’ heights.
He discovered that it could, but that the relationship was such that very tall parents
tended to have children who were shorter than they were, and very short parents
tended to have children taller than themselves. He initially described this phenome-
non by saying there was “reversion to mediocrity” but later changed to the termi-
nology “regression to mediocrity.” Henceforth, the technique of determining such
relationships has been called regression.
How are we to find the best straight line relating two variables? We could just
take a ruler and try to fit a line through the scatterplot, but each of us would proba-
bly get a different answer. Instead, the most common procedure is to find what is
called the least squares line. In determining the least squares line, priority is given
to how close the points fall to the line for the variable represented by the vertical
axis. Those distances are squared and added up for all of the points in the sample.
For the least squares line, that sum is smaller than it would be for any other line.
The vertical distances are chosen because the equation is often used to predict that
variable when the one on the horizontal axis is known. Therefore, we want to mini-
mize how far off the prediction would be in that direction. In other words, the hori-
zontal axis usually represents an explanatory variable, and the vertical axis represents
a response variable. We want to predict the value of the response variable from know-
~ ing the value of the explanatory variable. The line we use is the one that minimizes

the sum of the squared errors resulting from this prediction for the individuals in the
“sample. The reasoning is that if the line is good at predicting the response for those in
the sample, when the response is already known, then it will work well for predicting
the response in the future when only the explanatory variable is known.

Equation for the Line

raigh hnas can be expressed by the same formula. Using standard conventions,
he variable on the vertical axis y and the variable on the horizontal axis x.
then write the equation for the line relating them as

Y yeathr

Situation, a and b would be replaced by numbers. We call the
by a the intercept and the number represented by b the slope.
y tells us at what particular point the line crosses the vertical axis
axis is at zero. The slope tells us how much of an increase there
the vertical axis) when the other (on the horizontal




