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11

CORRELATION

Correlation has an intuitive appeal. Most everyone understands that correlation is
concernad with whether changes in one thing are linked o changes in something
else. Thus, for example., yvou may aobserve that wealthier people seem to have better
overall health than those with lower wealth levels. O, stated differently. as swealith
increases, health increases as well.

Clorrelation is a way of understanding the association betweoen two variables, Wihat
does association mean™” It refers to “relatedness™ or the extent to which two events
“wary with one another.” To use this language with the wealth—health example just
cited, yvou might say that the increase in wealth (howewver it is measured) i1s accom-
panied by increases in health (according to its measures). In a general sense, you can
say that the values of the one variable (health) change positively as the values of the
ather variable (wealth) increase. Thus, the values of both variables increase together,
O “COoVary.

Mot every correlation is what it secms. howewver. There may be additional wvari-
ables not taken into account in the analysis that give the original two wvariables the
“appearance of covarving.”” This possibility of spuriousness (see Chapter 2) hints at
the complexity of a scemingly obviows relationship. Is it really wealth that resulis
in health, or is il something (or things) else? In this and the following chaplers on
regressiomn, [ intend to explore this question further.
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TABLE 11.1 Mieasures of Correlation

Correlation Measures

Mominal Lewel Ordinal Level Data | NMominal by Ordimnal
Data

Contingency Spearman’™s Rho Bisericd

Coaefficient

Phi CoefMicient KFendall™s Tao Point Biscrial Crarmnma
Cramer’s % (Cohen’s) Kappa
Terracforic

tetrachoric correlation measures two continuous (interval-level) variables that have
been dichoromized. A rescarcher may wuse this procedure by calegorizing income as
high, medium. or low and also measuring health as “weak™ or “strong.”” Both of these
are continuous variables, but some researchers dichotomize them for various reasons
{despite the fact that it isn't a good idea!). Terrachoric correlation might measure the
relationship between these two variables or other dichotomized variables.

Table 11.1 also shows a column (the fourth column?) of measures known as pro-
portional reduction in error {PRE)Y mecasures. T have already discussed some of those
measures at the interval level {52 and partial £2), but there are several others at differ-
ent lewvels of data {indicated in Table 11.1 in different shades), for example, gamima
for ordinal and Cohen’s kappa for nominal data. These are measures in which corre-
lation is used to “‘reduce error.” You saw in Chapter 9 (one-way ANOWA) that i~ is a
measure of how much variance in the oultcome variable is explained by (he catcgories
of the predictor variable. That is, how much variation (error) is reduced by knowing
the relatnonship between the two wvariables? Eta sgquare and other such measures are
expressed in the amount of varianoe expplained.

We cannot hope to cover all of these in this book. T wanted yvou to see the tremen-
dous variety of correlation measures; and there are yel more measures I didn™t include
im Table 11.1. T will discuss Pearson’s correlation cocflicient in this chapler which is
the most common correlation procedure with interval data.
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THE CORREL ATION DESIC:™

The correlation study is a post facto d an =ince the rescarcher is refaring Lwo scls
aof scores that have been gathered on an individoal case. You would ot use correla-
tion in an experimental design since in the latter. vou attempt to detect «ifferences in
group scores after an intervention. Correlation measures “samencess’ and an exper-
iment measures ““difference.” Multiple regression procedures, which are based on
correlation, can bhe used in experimental designs under certain circuamstances {(sce
Abbote, 20100,
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FPLOTTING THE CORRELATION: THE SCATTERGR AN 33

HEALTH OPINION

L L T T L

1 2 3 4 =]
OFPINICOM OF FARMILY ITRNCOME

Figure 11.2 The scattergram between health and income.
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the top pair of values in Table 11.2 indicates a respondent who indicated opinions that
their income was average (value of 3) and that their health was good (value of 3. 1
filled in the dot in Figure 11.2 to show the pair of scores for the tenth respondent in
Table 11.2 (the respondent indicating above average income and fair health).

As ywou can scee, lhe pairs of scores are entered into the plot simuliancously so
that cach dot represents the pair of scores of an individual respondent. Typically, the
cutcome variable is placed on the ¥-axis and the predictor variable is placed on the
Moaxis.

Iy correlarion dexsigns ir ixs nor alfweays apparens wihich varialble is e oulicome
crred wliichfr is thre predicior; vowu simply frave ro wnderstand whiich is which from the
rexecarcl guestiorn. The “inherent™ research guestion in this example siudy is whether
income Copinion) influences health (opinion). Therefore, income is the predictor vari-
able (X)) in this study, Tt could just as easily be the other way around! A rescarcher
could posit that bealth statuses influence a person’s incomee lewvel,

Patterns of Correlations

Correlations can be positive like the one in Figure 11.2, or they can be negative and
even nonlinear. Figure 11.3 shows some of the possibilities for correlation patterns in
scattergrams. The upper left panel in Figure 1 1.3 shows the positive correlation with
the actual data in Figure 11.2. Howewver, the results could have been different. The
upper right pancl shows a negative (or inverse) correlation in which health decreases
with higher income. The lower lefi panel shows a curvilinear relationship in which
health is better at middle income levels but lower when income is cither lower or
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USING SPSS™ TO CREATE SCATTERGR AMS 337

higher. The bottom right panel shows no correlation at all; the scores do ot fall into
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a recognizable pattern, as indicated by a “"Aat™ rend line. These panels are only o
show the correlation possibilities that might be produced in an actual study.

Strength of Correlations in Scattergrams

The correlation panels in Figure 1 1.3 showed correlations with different directions or
patterns. The dots could ““extend upward o the right™ (positive correlation), ““down-
ward to the right” (negative correlation), or in other patterns. Figure 11_4 shows
scattergrams that indicate the sirengih of the correlation.

The 1op two pancls represent positive correlations. The dots are arrayed from bot-
torm lefl o upper right. Bul notice that the ecens of the scatrer arcwnd the line 1s
different. I use a line to represent the scatter and pattern of the dots (in a later chapter,
I will discuss how o calculate the eguation tor this ““line of best fit™™). YWhen the
dots have a wide scatter, like the scattergram in the top right panel. the correlation
is weaker. This would indicate that as values of one variable (books read) increase,
the values of the other also increase, but not consistently. The upper leflt pancl shows
a positive correlation with a tighter pattern of dots that indicate more of a consis-
tent increase 1n the values of both variables. 1 use the darker color to show stronger
correlations.

The lower panels of Figure 11.4 show negative correlations. In the bottom right
panel, the correlation is inverse in that as one variable increases in value, the other
decreases, but the values do not change consistently. The negative correlation in the
bBottom right pancel shows a mouch higher correlation since the dots are very close o
the line indicating a more consistent change in values.

The panels underscore the fact thar “"negative™ correlations are not necessarily bad
since negative only refers to direction. As vou can =see in the bottom lett panel of
Figure 11 .4, this negative correlation is very sirong.

FYou can casily frechand draw a scattergram with pairs of data,. Howewver, both
SPSS and Excel provide simple procedures 1o creale the graphs.

USING SPSS® TO CREATE SCATTERGRAMS

5P5S5 has a straightforward way to create scattergrams using the main Graphs menu.
Figure 11.5 shows how to create the scattergram through the ““Graph — Legacwy
Dialogs — Bar™ path of menu choices. Near the bottom of the list is ““Scatter/Trot™
which will produce a specification box that allows you to design your scallergrarni.
In this system, yvou do not need o move the data columns so that one of the variables
is listed frst, as in Excel.

When you choose “Scatter/[Dot,”” the menu box 1n Figure 11.6 appears. This box
allows you to choose the scattergram that matches the complexity of the research
data. For my fictitious example. the “"Simple Scatter™ choice is appropriate.

Choosing “Simple Scatter” produces a specification window like the one shown
in Figure 11.7. As vou can see, T specified that income opinion should be placed on
the X-axis since T might hypothesize that income differences give way o different
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Figure 11.5  The SPSS% graph menu for creating scatlersrams.

Figure 11.6 The Scatter/Tovor menas.

health statuses. Health opinion is placed in the Y-axis, I can select the “Titles™ and
“Orptons” buttons in the upper right corner of the window to further specity the graph.
but I prefer to edit the scattergram once it is produced.

When vou choose ““OK™ from the window in Figure 1 1.7, SPSS produces a graph
in the outpurt file like the one shown in Figure 11.2. Tf you double-click on the graph,
you can make a series of edits using the available menu screens. T added the line o
the “basic™ scattergram (o produce the graph in Figure 11.2.

LSIMNG EXCEL TO CREATE SCATTERCG: R A MS

With the table of data entered in an Excel spreadshect, simply highlight the entire table
Cincluding labels) and choose the “*Insert”™ menu from the main meno list, Figure 11,8
shows this selection with the example data. As you can s=ee, | highlhighted the table
of values and chose Insert. T then clicked on the Scatter icon listed among the other
graph icons. At that point, T could choose several scattergram types in a drop-dow i
menu. For the simple linear caorrelation, the apper left choice is appropriate. As the
data increase in complexity, you can experiment with the other scattergram choices.
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Figure 11.9 The Excel scattergram.

Figure 11.9 shows the scattergram created by the menu choices carlier. As vou can
sce, the dots are displaved according (0 the pairs in the data table, One note here is
that you must add the axis titles to the scattergram by editing it using the small icons
that appear to the right of the graph when vowu select 1t. This i1s important i do since
yvou want to make sure the variables are specified on the appropriate axes. AS WO Cal
see in Figure 11.9, the axes are not titled, so vou need 1o add the titles. ITn this case,
the first variable (IncomeOP) in the Excel data table (see Figure 11.8) is placed on
the X-axis as is appropriata.

The scattergram in Figure 11.9 is the “plain™ graph that Excel produced using the
specifications carlier. ¥Fouw can edir rfre grapls by doable-clicking on pravts of thee grapl
cirred rlrernr righr-clficking for edir cholces. A simple way to make edits is o use the
main menu bar when yvou have the graph selecied. The “Chart Tools™ menu provides
several different ways that you can make the graph appear. For example, one choice
includes axis titles, another includes the raw data table, and so on. You can include
the Trendline through the data using these methods.
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CAT.CULATING PEARSOM™S -

There are several ways 1o calculate Pearson’™s » manually. Formulas exist using the
“deviation™ method or the ““calculation method™ or even the & score method.™ 1 will
present two formulas in this ook since both point out different facets of Pearson’™s s

The £ score method appears to ke the most simyple until you realize that, in order
Lo use it you have o trransform every score to a &2 score. The calculation method is
my preferred method since it uses symbols and Fformulas T introdouced in past chapiers
and includes a simple data table of values,

342 CORREBELATIOMN

THE ¥ SCORE METHOD

The many formulas for calculating Pearson™s » manually result from measuring wvar-—
ious elements that express different components of the correlation relationship.
The # score formula is as follows:

2 EZy
o'

Im this formula, the correlation between two variables X and ¥ (symbolized by ryy-)
is calculated by swrring rfre producrs of the X5 scores and the ¥z scores and then
dividing by the number of pairs (in correlafiorvn, the N indicates perivs, rnor ifie toral ser
af wecrres). Inorder to carry out this formuoala, @ scores Tor each of the X and ¥ values
must be created using the formula T discussed in Chaprer <:

Fay =

M — AT
5D

- =

Creating = scores manually is tedious, espaecially with many pairs of scores, On the
other hand, creating the z scores in an Excel spreadsheet is guite simple. as T discusseaed
in Chapter 4. Takhle 11.3 shows ithe values as T created them in an Excel spreadsheet
using the embedded z formula. T fGrst calculated the mean and S values for both
variables as shown.

Once these caloculations are made, the Mollowing 2 score formula will calculate
Pearson’™s » (using the relevant calculations in the final colummn of Table 11.3):
D S
el N
®. 30

| B |
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NMote: Be careful wwith the calculation of the mumerator of the formula. It is not
the sum of the £ scores for the IncomeaOP column (0% times the & score sum of the
HealthOFP colummn (). This mistake would look like the following:

(Ez)(EZx)

o ——
AE R

The reason that this is inappropriate is that the sums of these particular columns
would be equal to O Like the deviation method for calculating S that we discussad
carlier., there will be an egqual number of negative and positive = scores in a norreally
distributed set of scores. Therefore, yvou must rereliply eaclh peeir o) 2 scores 1o arrive
at the wvalues in the last column of Table 113, Otherwise, this is the resuli:

RGO
XY = Tz

= {)

THE £ SCORE METHOD 343

TABLE 11.3 The Data Table Showing £ Scores

Income=O P A lncoinee) HealthOP Zillealth) o P
3 Ch My 3 ChAns e OHy
5 1.74 =} 1.0t 1.82
o 1.7 5 24N 3.449
3 CF My 3 ChAns O OHy
3 Or Oy 2 —{B= 1 OHC
2 —{¥ BT 3 LN — LT
2 —ABT 3 ChAns — ¥ 7
3 OO0y 3 s W
2 —{¥57T 2 —{. 55 077
4 057 = —AhBE — (LT T
3 Ch O -+ 1.0 Ok OHCr
] —1.74 1 —1.85 3.21
= b O Ch Ok
Mlam A AHD} 2917 e .39
S 1.1= 1037 r (L=
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Figure 1110 The & score scattergraim in Excesl.

Thre reasorr For pve e 2 soore ol iy tor wse the transforrmed X oond ¥ valwes as
Z soores thatr present he X and ¥ values in the same scales. This will become more
apparcni when I discuss regression procedures, but for now, look at Figure 11,10 that
presents the scattergram with & score wvalues for both the X and P raw score values.
The X-axis is the & score values of Income(OFP and the ¥Y-axis represents the &2 wvalues
of thie Health{»F.

Acs yvou can see, all the values of the wo scores are now expressed fm tfre scrme soole,
as 2 score values the majorily of which {over 9990 range between — 300 and +3.00,

344 CORRBRELATIOMN

Whereas in Figure 1 1.9 the values were expressed in raw score wrrirs (.e., the units of
the original scores), the transformed scores are expressed in © score unirs. To take an
example. the lower left dot expressed in Figure 11.9 is (IncomeOP= 1. Health{OF = 1).
In Figure 11.10, the £ scores are (IncomeOP = —1.74, HealthlOP = —1.85).

Lixing Z scorer ocreares e same scale for raw score variafble uwnirs of any muag-
nirtede. This does nor change the correlarion or the placement of the dots in the
scatlersramn.

THE COMPLUTATIOMN METHODY

There are several computation formulas for Pearson’s . 1 prefer the following because
it uses the sum of squares (55) measures that 1 have used throughout former chapters.
The overall formula looks straightforward . Conceptually, the formula expresses cor-

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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relation (0" ) as the proportion of the “cross product™ S5 (or the S5 of the XF Y pairs)
to the square root of the overall product of the X and ¥ sums of squares™:
AV I(SSxI(SSy)
Recall that the 55 is a general (unstandardized) variance measure of the population
of scores. The computation formula thus includes variance (55) measures of the X ¥

products as well as the individoual X and ¥ S5 values, The formuola for S5 we discussed
in Chapter 3 is

L

> X7 - (X x)”

M

Each of the S5 values (for X and ) in the Pearson’s » formula can be computed
with these formuolas. The product S5 (the numerator in the Pearson®™s - Fformula) can
be calculated with a variation of the same S5 formula by simply using the product
column (XY of values:

SSyy = D> XY — {EXLFE r)

Here i1s how the income—health example data would be computed using the com-

putation formula:

SSy — 3 ar - (ZXED)
(36 3I5)
12

SSX}— — ] IS —

10n O

SS Irvcnane = Healih

*This makes concepiual sense if you recognize the denominator as a combined variance measure of X and
¥ rogether, since ecach 55 s mualviplhiced and transformed toa commbianed varnmance measure., Thos, the formmala
expressas The “wariance™ of the XY prodoct measures as a propostion of the overall sarianoe of both sers of
scores, This is conceprually wihar ANOWA docs — compares varianos Comp-nents,

THE HYPOTHESIS TEST FOR PEARSOMTS - 345
The S5,
2
> 2 Y
sy =3y (EV

SS]—Ll:u.ll:l'l = 115 —
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PR

SSI—IEaIth = 1 2 . 92

SSy = > X7 — (=)

at
. I 25
SSincome = 124 — 4=
SS[nr_'nrnu: = 16.(H)
Pearson s r
1 CHh
oy =
W (16.00) (12.92)
_ 1 CHlh
14.38
= 695

As yvou can see, the resulting Pearson™s » of 0695 is equivalent to the » wvalue
computed with the 2 score formula Cwith minor rounding differences). Both formulas
wield the same value.

THE HYPOTHESIS TEST FOR PEARSONS r

What does thee Pearson’s » value indicate? Recall that the study asked if income was
correlated to health. The scattergrams presented strong visual evidence that there was
a relationship. but how can the resulting » of 0.695 help o judge the strength of the
relationship?

The r ot (LOWS 15 certainly closer to 1.0 than it 15 to (), =0 you can use this as one
gauge of its meaningfulness. Howewver. like the other statistical tesis T have discussed,
you assess the statistical significance of a test ratio by comparing il (o a sampling
distribution.

Therefore, the first way to determine whether the » value is significant 1s to perforim
the hvpothesis test as T have with other statistical procedures. It the calculated value
exceaeds the tabled value (i.e_. if the calculated value is further out in the tail of the
cxclusion arcal), you can conclude that the test value is statistically signifAcant.

346 CORRELATION
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Use the same steps as you did with other statistical tests:

The null hypothesis (fAfg): o = O
The null hy pothesis states that the correlation berween the variables in the pop-
ulation from which the sample values came (symbolized by the parameter value
of rho or o) 1s O,
The alternative hyvpothesis (A, o = 0O

The alternative hypothesis states that the population correlation is not 0.

The critical value r 5005,

The comparison value for the value of ~ that defines the exclusion area at
a given probability level (0 uwsed CGL05 in the abowve value) is determined by o
table of valuces as arce other staltstical procedures. The tables for correlation
are extensive and detailed. The critical values for correlation table. which lists
exclusion values for Pearson’™s . is found in the Appendix.

Like other statistical procedures, testing the null hypothesis for correlation
uses degrees of freadom since vou estimate a population parameter from a sam-
ple statistic. The degrees of frecdom for correlation is & — 2, where & is the
number of pairs. You “lose™ two degrees of freecdom since youw are estimating
a population value with two sample sets of values.

The table tor correlation specifies that the two-tailed (.05 critical {exclusion)

value for » at 10 degrees ot freedom (12 pairs minus 2 = 1) is Fyan 05, = L3760
Salues that are greater than O.576 would therefore be considered statistically
significant.

The calculated value of r= 0695
Statistical decision

T ou reject the null hypothesis since the calculated wvalue (O.G695) exceedead
the critical value of exclusion ((.576) A significanr correlarion indicares ficat
cr calowulared valuwe withy tlhiis magnitodde s wnlikely to ocoopr by choance §f there
is no corvelarion in the popoalafion.

Interpretation

You can consider the calculated » of QUG9S o be statistically significant.
This indicates that it is likely not a chance finding. In the words of the example
question, respondents” opinions of their incomes and their health stamuses are
positively correlated.

The Comparisomn Table of Valwes

Becau=se the correlation tables are so exten=sive and because I will discuss SPS5S5S and
FExcel resulis, T do not include comprehensive correlation tables in this book. How-
ever, there is an alternate way to identify the critical values by using the T table of
values which is included. Cobhen (1988) provides the following Fformuola that you can
use in the ¥ tables as a comparison value., In effect, you “transtform™ the » value into
a ¢ ratio that yvou can then compare against the critical wvalues of 7 in the T table

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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EFFECT SIFE: THE COEFFICIENT OF DETERMINATICNN 347

(using & — 2 degrees of freedom in the table):

Therefore, in the present example

0695+ 12 — 2
W1 — D aA83

= 3057

The r value of 0,695 is “transformed™ to a r ratio of 3.057. YWhen wvou consult the
T table of values using N — 2 degrees of freedom, vou note that the critical value of
foasgo = 2228, Therefore, the calculated + is significant since it resulted in a r score
that exceeded the critical T value.

EFFECT SIXE: THE COEFFICIENT OF DETERMNMIMN ATION

A second way to Judge the meaningfulness and strength of a correlation beyvond the
hypothesis is the effect size. T have shown with every statistical procedure ways o
measure the “impact™ of a relationship. With correlation, you can judge the strengih
of the relationship by the coefficient of determination or =, This valuwe is simplv the
sguare af rand refers ro the amaonnt of variance in one variable explained by the orfrer.
Wohat this means is this: you can consider the fact that a distribution of scores (e.g.,
health opinion values) vary a certain amount or are spread out around a mean score.

The question is why do health opinion values vary? ITn a world where every person
was the same, there would be no variance — everyone would offer the same health
opinion. But we don™t live in that kind of world, so something or things are respon-
sible for people getting different health opinion values. Figure 11.11 shows how the
example study variables relate o one another 1In terms of “explaining variance.™

If vou establish that a correlation 15 significant {i.e., between income and health
apinions). the variables”™ measures overlap (like the WVenn diagram in Figure 11_1 1),
and vou can understand this overlap to be the amount of variance in the outcome mea-
sure (health opinions) that is accounted For by the predictor variable (income opinion’).
Thuous, knowing a respondent s income opinion is a partial explanation of their health
opinions. The income opinion does not explain all the wvariation in health opinion,
since there is still a lot of “"unexplained wvariance™ (the amount of the health opin-
ion circle in Figare 11.11 not overlapping with income opinion circle), burt it “chips

- - - hr a - a - - - -

- -m - - — = =
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away  al Ine overall Spread of Ne SCoras. 1| Ne /~ vValue 15 NS eXplaimned variance.
Figure 11.12 shows another way 1o visualize effect size in corrclation. The overall
distribution represents the entire variability of health opinion values. YWith a correla-
tion of .695, the = of 0,483 reduces the amount of “unexplained variance™ in reading

348 CORRELATIOM

[ R? = 4m3 |

Figure 11.11 The effect size of correlation—explaining variance.
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Figure 11.12 The effect size components produced by correlatiorn.

to (1.0 — 0483 = 0.517). Thus, other variables not in the analysis might help further
to “explain awavw’™ the remaining unexplained wvariation.

T il discuss further insights into w2 in the chapters on regression. Foer e voes o
cenrcferwrond i ax the perceniage ol e varicnoe fn oone varicafale (ouiocosme ) comirifared
By anothier (prediceor). Knowing how much variance is explained is helpful o the

DIAGHNOSTICS: CORRELATION PROBLEMS 349

researcher. but what guidelines exist that might help judge the extent of the explained
variance? Cohen ( 1988) provides the following conventions for the »2:

Small effect size: r—~ = 0.01 (r=0.100)
Mledium effect size: = = 009 (r= 0.300
Largme effect size: = =025 (= 0.50)

These »~ size conventions may appear to be small, and for some studies they may
nol be appropriate. The rescarcher muost ultimately decide the meaninglfulness of the
correlation effect size since it is tied to the nature of the research guestion. Thus, 1
might not be excited about an »2 of 0,09 in a small exploratory study of the relationship
between income and health among electronics workers, but T might be very excited
about the same effect size in a study of this relationship in a large national study
relating toral wealth measures o specific health behawviors.

The 2 is one of the PRE methods T mentioned at the opening of this chapter. If you
look at Figure 11.1, 7= is listed in the last column with the other PRE methods that 1
discussed in the AMNOWA chaprers. All these are related measures in that they focus
on explaining variance. 1 will develop this notion further in discussing regression
methods.

DIAC:NOSTICS: CORRELATION PROBLENS

Several factors affect the size of a correlation and therefore its power (i.e., the ability
e reject the null hypothesis when it should be rejected). The following are several
such factors.
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Correlations and Sample Size

As T siressed in previous chaprers, hypothesis tesis establish whether a finding is likelwy
a chance finding. (We just discussed the effect size, which is distinguished from the
statistical rejection of the null hypothesis.) Be aware that ofhe sample size dranmaiicallyv
afifects the size of Pearsom 's n

For example., withh 15 cases. the researcher can reject the null hypothesis
{(two-talled test at D05 ) with »=10.514. With a sample of 3], the researcher can reject
the null hypothesis when = 0.361. With a sample of 102, the researcher can reject
the null hypothesis at 0,195, Tt only takes an »= 0.098 1o reject the null hypothesis
with AW = 402! Therefore, wiltft the scarme stwdy varicables, Doy sirmply Targer sammples,
rhre researclfier will rejecr the null hyvporhesis more easily.

Correlation Is WNWot Causation

I noted this injunction previously., The problem with discovering correlations is the
temptation o assuwme that the wvariables are coawsvaflly related. Thus, you might be
tempted to assume that in the example study T have been using., income opinions
cause healih opinions o increase. A correlation cannot make this claim. There are

3= CORREBELATIOMN

many things that are related to opinions about one’s health other than opinions about
one’s income — and some of them may be better explanations of Increases In scoras.
W hat are some™? It yvou were to list other porenrial canses,. yvou could probably produce
along list (e.g.. health behavior practices, diet, exercise, genctic predispositions, etc. ).

Restricted Ramnge

The strength and =size of a carrelation is dramatically atfected by “‘restricted range.”
or the selection of scores that do not display full wvariability. Figure 11.13 shows
this problem with a scattergram. If a study sample is relatively homogenoas on the
variables (cog., all the subjects appear o be similar in IncomeOP and HealihOP),
the resulting correlation can appear o be very low, In the top pancel of Figure 11.1 3,
respondents of all different income and health opinions were plotted, indicating
a strong correlation. If the study were to be restricted to respondents who were
wery similar o one another. like those respondents enrolled in health clubs,
the resulting correlation would be less pronounced and perbaps not significant.
The power of a correlation is related o the variabhility of the siudy variables.

Extreme Scores

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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“Dmatlier” scores can have a dramatic effect on the calculated . Often, deleting only a
single exmrame scors has a surprisingly marked effect on the results. With correlation,
exireme scores, ecspecially in studies with small sample sizes, can be problematic.
I offer the same suggestion with correlation studies as with studies wusing other
statistical procedures. The researcher must use their understanding of the data and

Heaalth OF

Incorme OF
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- * o aa™
- e o
e
- - - -
“igrre: 11,13 The correlation problem of restricted range.
DIAGHROSTICS: CORRELATION FROEBELEMS 351

the research situation in order to Mmanage extreme scores. They can transtform such
scores, delete them. or retain them as legitimate depending on their understanding.

The first step in limiting the effects of extreme scores is to detect them! ITn other
works (e.g., Abbott, 2001070, T devote significant attention to diagnostic procedures for
correlation and regression studies,. The serious rescarcher should seck these works
aut before engaging in a correlation study.

Heteroscedasticity

This essentially refers to violating the equal variance assumption among study wvari-
ables. Homoscedasticity i1s the condition in which an outcome wariable has egual

wariarian acrraee the levele of the meedicror variable T this ccomdifionm i€ nof mrecemnt as
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for example, if the scores of one study variable were markedly skewed., the correlation
would show a distortion (heteroscedasticity). Figure 11.14 shows the two conditions
of homoscedasticity (top panel) and heteroscedasticity {bottom panel). The top panel
of Figure 11.14 shows that the values of one variable are distributed evenly across the
values of the other variable (homoscedasticity ). The bottom panel shows unevenness
of the values of one variable across the other variable (heteroscedasticity ) indicated
by the different sized circles encompassing the scatter of dots on the graph. In some
cases, heteroscedasticity may result in a departure from linearity.

Homoscedasticiby

Health OP
O - NWADD

aQ
-
h
iy
m
o

3
Income OF
Hetaeroscedasticiby

4.5
) - -
3.5
% 3 - - F
g 2.5
E =] - - - - -
1.5
1
0.5
ﬂ i
O 1 = =3 <4 5 L&

Income OP

Figure 11.14 The correlation conditions of homoscedasticity and heteroscedasticity,
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Figure 11.15 The SPSS™ descriptive outputl for the study variables,
Figures 11.17 and 11.1% show the histograms=s ftor the outcome variable HealthOYF.

In both cases, the histograms indicate distributions that appear normal, despite smmall
sample sizes,

YWariances are equal: You can assume cqgual variance since ncither varmable is
markediyv skewed.

Linear relationship: Figure 11.2 shows the SPS S scattergram between the example
study variables. Figure 11.19 shows the Excel scanergram between Math and
FR. As wou can see, the pattern of the dots is fairly evenly distributed arowund
the line, and the overall shape of the dots is in a straijght line.
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Figure 11.16 The Excel descriptive statistics,
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Figure 11.17 The sSPss™ histogram for HealthOFR.
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Figure 11.18 The Excel histogram for HealthO>

CORRBELATION USING SPSS®E AaND EXCEL 3ass
&
5 -
o 4
=
= 3
0
T
=2
1 -
a
0 1 2 3 <} 5 (=3

Imncomsa O

Figure 11. 19 The Excel scattergram between IncormeOP and Health{OFP

Computation of Pearson’™s r for the Example IData

See the manual calculations for the example data in the section “THE COMPLITA-
TIHOMN METHODD

Correlation Using sSPrss®

Figure 11.20 shows the 5P55 correlation menu. Mote that it is called “"Bivariate™
because you use the program o specify a two-variable correlation (bi™ — twaod.
When vou make this choice, you are presented with the specification menu shown in
Figure 11.21.

Avs vou can see 1n Figure 1 1.21, T included both variables in the ““Wariables:"
dow. The deftault values for this specification window are shown. The analysis will
produce Pearson’s - (this is the only wvalue produced in the defaalt analysis), and
SPSS will create a "Two-tailed ™) hypothesis test and ““Flag significant correlations™
according to the default checks.

If vou select the “Options™ button in the upper right part of the window, vou can
request means., standard deviations, and cross-product values. The latter are helptul it
wou wish to compare the values with those you calculated manually. For this example,
I did ot select the options.

Choosing “OK™ will produce the correlation matrix shown in Figure 11.22. The
outputs of the SPS55 matrix are helptul because they provide the values vou need for
the hypothesis test. As you can see, the correlation significance lewvel (" =00 1277)

W1 T—
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is listed, which indicates that the correlation is in the exclusion arca and therefore
considered a significant correlation. The calcoculated r fell so Far into the exclusion

Printer Friendly

region that it has an extremely small probability of representing a chance finding.

Avs with other output I presented., SPS5 lists the exacr profafiflity of the inding.
Wwhen you create hvpotheses tests using correlation tables o specity exclusion values.,
you would report significance as “p < L0577 indicating that the calculated wvalue fell

inta the exclusion arca beyond the boundary of the 005 level of probabality.
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Figure 11.240

The SPSS™ Correlation menn.
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Figure 11.21 The Correlation specification wirndosa,

CORRELATION USING SPSS® AaND EXCEL 357
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Figure 11.23 The “Correlation”™ window in the Excel Data — Data Analysis mmenua.

Correlation Using FExcel

Figure 11.23 shows the menu window when you select “IData — Data Analysis™ from
the main menw in the spreadsheet where the data are located. This should be a familiar
menu now that you have used it in past procedures. When you select “"Correlation™
you are presented with another specification window as shown in Figure 11.24, As
yvou can see. | selected both columns of data ar the same time in the “Input Eange:™
window. Since | included the labels, T made sure o check the ““I.abels in First Row”
box. The defaull is 1o creale the data in a separalte spreadshect.

When vou sclect “OK™ rom the button shown in Figoure 1124, you will sec the
correlation results in a matrix form, even though there is only one correlation pair.
Figure 11.25 shows the IncomeaeOP—HealthOFP correlation as O.G9%6G, which matches
the manually calculated wvalue.

MNote thart Excel does not specify the o value of the result. YWou must consult the
correlation table of values o obtain the comparison value for the hypothesis test.,

358 CORRELATIOMN
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Figure 11.24 The “Correlation™ specification window in Excel.
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Tigure 11,25 The Excel correlation matrix .

NONPARAMETRIC STATISTICS: SPEARMAN'S RANK ORDER
CORRELATION (r,)

I bhave nol discusscd nonparametrice correlation procoedures thus Car, but T histed some
examples in Table 11.1. Those listed in the first three columns are NONParameiric pro—
cedures designed to measure correlations with other than interval data. 1T will briefly
describe one of these in this chapter, Spearman’™s R,

UUp to now, I have discussed using two interval-level variables for calculating Pear-
son’s . Howewver, rescarchers often do not have access o interval data. For example.
rescarchers might be limited o discussing hospital rankings as a way o discuss gual-
ity carce. I this is the case, these rank-ordered data are ordinal data, and you can make
no assumption that the interval between the rankings is cgual.

If wou wuse ordinal data, you can use a variation of correlation called Spearman’™s
r. Also called Spearman’™s rank order correlation, or Spearman’™s Fho, this procedure
calculates a correlation wsing ordirial daafa or interval dara e have Peen ranfed .

Spearman’™s Rho results vary between —1 and +1 as with Pearson’s » YWowu can
obtain a negative value, which is interpreted as it is with Pearson’s ». Howewver, since
this not a parametric statistic. »ou cannot square the . value o arrive at a ““variance
cxplained™ figure as in Pearson’™s ». You can perform the hy pothesis test 1o sce whether
the value is significant.

The manuwal calculation for Spearman’s Rho 1s as follows:

63 J°

R 7 ey

MNOMNPARANMETRIC STATISTICS: SPEARMAN'S RANK ORDER CORRELATIOMN {3 3=

The formula appears somewhat strange in comparison o the other procedures 1
have presented. LLike some nonparametric tests, the Spearman’s FKho formula includes
a constaanr in the formula (a constant 1s a number that does not change). The 67
appears mysierious, but thie nonparametric formuola is created to yvield a value that fits
the — 1541 range, and the value of & allows the compuled values o fall in this range.
There is a longer explanation, but this gives you some insight into nonparametric
procedures.

The preceding formula is used with two sets of ranks like the hypothetical example
aof data in Table 11.4.

If yvou use the formula Tincluded carlier, the following is the calculation for Spear-

e Tae TR o .
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Spearman’s Rho calculations can be part of hvpotheses tests using the same pro-
cess as the hypothesis tests in the parametric procedures. The null and alternative
hypotheses state that the correlation will be O Cor not O, respectively) in the population
the sample data represent. Spearman’™s Rho is calculated with the previous Tformula,
and the rescarcher can compare the calculated value 1o a critical test value,

Spearman’s Rho has a special table of comparison wvalues to use for hypothesis
tests. In this table., rfre researchier does nor nse degrees of freedonm since no parameters
are estimated. Howewver, it a table of values is not available (I do not inclade such a
table in this book), the rescarcher can use the ¥ iable of values with the same Fformula
I noted carlier for Pearson®s ». When vou wse the T distriburion rable for identifving o
conRpprarison value, vou can use degrees of freedom as vou did with Pearson's » since

TABLE 11.4 Hypothetical Correlation of Hospital
Rankings by Patient SatisFaction Ranking

Haospital Patient Satisfaction o o*
Ranking Ranking
] 2 —1 1
2 1 1 1
3 5 —2 4
i 3 ] 1
5 =4 1 1
Tivials L =
Bl (CORRBEELATION

the table is created for a parametric COMmMParison:

No— 2
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1 —
0643
064

= 1.30

Using the 7 table of values, T note that the critical valoue of rejection al the OU0S5
(two-tailed) level withh A= 3 (5 — 23 15 3.1 82, Therefore, since the calculated » value
{(from Spearman’™s Rho) is 1. 30, yvou cannot reject the null hypothesis.

The one-tailed (.05 exclusion value wusing the Spearman’™s table of critical wal-
ues for 5 data pairs is 090, (Spearman’™s table does not provide a two-tailed wvalue
with & = 5.1 You would therelfore necd a O.990 correlation or higher 1o reject the null
hvpothesis., Using cither table would therefore indicate the same result: you camnot
reject the null hyvpothesis with this briet example.

Variations of the Spearman®™s Rho Formula: Tied Ranks

Researchers oftentimes use rank order procedures when they have data that are inter-
wal, but the data are not normally distributed., as T mentioned earlier when T discusseaed
skewed wariables. Sitaations in which this is common involve using financial data,
like houwsing values, physician salaries, or hospital funding. T will provide an extended
example of this later.

MMore commonly, researchers have studies in which they may have bSorft ordinal-
and interval-level variables. In either case. howewver, the simple Spearman’™s Rho for-
mula earlier will most likely not be appropriate as T will discuss later. The reason is
that larger studics with more cases or studies that involve ranking of interval wvari-
ables usually result in ried ranis, which are problematic o the “basic™ Spearman’™s
Rho formuula.

It skewed interval-level variables are used along with ranked variables, rfie skewed
frrperwverd clonber rerpaxy firsy e ranked cand thien oorrelared with variafbles alrecady rernfedl.
In these cases, the Spearman’™s Rho formula carlier should not be used.

In the fictitious study earlier, I used hospital ranking as one of the ordinal (ranked)
wvariables. What if 1 had wused the number of positive citations the hospitals had
received instead of the ranking variable? T would then have an interval-level variable.
I such a case, T would need 1o rank order the interval data so that both of the study
variables would be ordinal (remember, the other variable, patieont satisfaction ranking
was already an ordinal variable). Table 11.5 shows the comparison of these variables
and how the interval-level variable can be changed to rankings.

I placed the original ranked wvariable in the first column. The second column is
the interval-level wariable used in place of the original ordinal variable (hospital
ranking) in the study insfecad of the ranked wvariable., The problem with these data
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Cigare 11.26 Funding for study hospitals.

whether measured by Pearson™s » or Spearman’™s Rho, can only establish relation-
ship. not causality., One of the reasons for this potential problem in interpretation is
that a great many factors (in addition o funding) might have an impact on health
outcomes. More complex associational designs. like the ones discussed in the next
twor chaplers, would belp the rescarcher o speak more preciscely about the specific
contribution of funding to health outcomes.

As T noted earlier, any variable measuring income, funding., or wealth is always
suspect for being normally distributed because in real life funding is not normally dis-
tributed across socicty, This presents a problem for measurnng correlation using Pear-
son’s . In such cases, researchers might use Spearman’s Rho because this procedure
can be used effectively with skewed data. Creating ranks with these kinds of wari-
ables would be very edious, especially with large data sets. Formunately, SPSS
includes Specarman’™s procedure that can be very helpful.

Figure 11.26 shows the SPS55 histogram for funding received by the study hos-
pital=s, indicating that this variable is markedly skewed., Tnder these circumstances,
wiithh the example soudy guestion, the rescarcher might seek an alternative to Pear-
son’s correlation despite the fact that the data are interval {even ratio) level data. If
the researcher has interval data that depart this far from the assumptions of parametric
tests o the extent they cannot be reasonably used, then Spearman’™s Rho can be used
instead of Pearson™s »,

Figure 11.27 shows the Spearman’s r results for this research gquestion. As ywou can
see, the correlation (—0.324) 1= significant at g = 0.022_ (Figure 11.21 shows how to
aobtain this SPSS outout. There is simoplv a box o check for Soearman’s correlation
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in the same specification window in which youw call for Pearson’™s #.0)

TERMNMS AND COMNCERFTS 363
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Figure 11.27 The Spearman’™s Rho correlation between the stady varables.

Correlations
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Sig. (Z2-vailecd) L350
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Health{Omtcome Pearson Cormelation —. 135 1

Sig. (Z-railed) LS50k

M S0k =0

Figure 11.28 The Pearson's »~ correlation between the study variables.,

Figure 1128 shows the same correlation using Pearson’™s r. As yvou see, r= —(0.135
and is not significant (7= 0. 350). In this example, a more meaningiul oulcome may be
achicved by using the appropriate statistical procedure (Spearman’™s Fho). Hospatals
with greater funding correlate inversely with the number of complaints about the
funded procedures. Again, the researcher cannot make causal attributions from these
findings, but the outcome generally speaks to at least one facet of the wealth—health
relationship using Spearman’™s Rho.
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TERMS AND CONCEPTS

Apgoreoate data:

LT

Coefficient of determimation:

Dichotomized variables:

Heteroscedasticity:

IMomoscedasticity:

Linear relationship:

Outliers:

Proportiomnal redwctiomn in
crror (PRE) mmcasures:

Restricted ramnge:
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Aaoorgoate data are those data garhered on large-
scale social units such as states, counties,
industries, and the like, which combine data from
smaller analytical levels (e, individual opinions,
individual salaries, cle. ).

CORRELATIOMN

The sgquared wvalue of r, the Pearson correlation
cocfficient, which represents the proportion of
wvariance in the oultcome variable accounted Mor by
the predictor variable of a studsy.

Continuous scores that have been transtormed into
variables with only wo values (e.g., high or low).
Thi=s 1s related to but not the same as ““dichotomous
wvariables™ which are those variables that natarally
have two calegories (.o, male or female).

A violation of the assomption of cqual varation., In
this condition, the variance of one study variable is
not equal at each value of the other study varialbyle.
The assumption of egual variance in a soudy in
which the variance of one variable is egual at
values of the other variable in a study.

The relationship among study variables that forns
a straidght line if ploted on a graph. Yiolations of
linearity might take the torm of “curvilinear™
relationships in which the graphed line is not
straight but curved.

Exitreme scores in a distribution that may result in
a distortion of values of the total set of scores.
Procedures that measure how much variation is
reduced or explained by knowing the relationship
among study variables. In correlation. »~ is such a
measure in that it describes the proportion of
variance in the oulcome variable that is accounted
for by the predicior variable.

A problem in correlation studies 1in which the
entire set of scores are not used 1In an association,

- —m - - - - .= - a
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DUl ratner a Selecied group ol TheE SCOores 15 used
that that do not represent the total variability.

A graph that shows the relationship between study

variables when they are plotted together. Also
called “*scatter diagranm,

graph.™

atterplot,” or “scatter

A research professor wanted to check the relationship between the score on a quiz
and the minutes it took students o complete the guiz. Dywoes time matter to test scores '’
Table 1 1.6 presents the data for this problem.

DATA LAB: SOLLITIONS

Problem 2

Earlier in this book I

TABLE 11.6¢ Test Taking
MTimutes and Test Score Data

MhIlinutes Test Soome

a

17

12 1<

1 20

15 20

36

introduced data from a partial housing =survey 1 conducted

some years ago that focused on neighborhood characteristics, (Table 3.4 presents
partial data from this survey.) ITn this problem, T present a sample of residents” sur-
vey responscs o Dewo neighborhood charactenstics: job opportunitics and commmuomily
imvolvement. Are these variables related™?

Table 11.7 presents the data for this problem. Condouct a correlation analysis and

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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SUMITarize your responses using SPSS5S. Be sure to discuss whether the assumptions

were met for this procedure.
DATA LLAB: SOLUTIONS
Problem 1

Findings

The minutes taking the test and the test score are positively correlated with
these data. The longer the time taking the test, the higher the score:

o Pearson™s = 081
o Critical value = 0632
e Rojoct Hy. p==0.05

MManuwual calculations

5 oy (EX(EV)

SSxy = o
(1A 1 8y
SSMinurmbethmrﬂ = 1958 — —l 0
‘Sshﬂn.)ﬁmm = 44.4

3Gk

TABLE 11.7 The Job Opportunity—Comuryy ity
Tnvoelvemrent Stuwdy Drata

Job Opportunitics Comumuannity Involvemnacmt

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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1264 — 10816
1524

SSM:iTJL‘II::—S.

DATA LAB: SOLLUITIONS

551,:2}’2_M

Pearson’™s »

N
SSqines = 3402 — 3385.6
= 16.4
S5y

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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Problem 2

The clements of the solution for this problem include an examination of assump-
tions., the hypothesis test, and effect size. The database 1 used i1s only to illustrate the
correlation procedurs and should not be taken tor indicate real-—world findings.

Assumptions

Lt

http://lib.myilibrary.com.ezproxy1

Randomly chosen sample. T chose the respondents from the database (of abooat
MN= 140 o illusirate the correclation procedure,

Yariables are interval level. Dnata are from respondent survey that 1 treat as interwval.

Wariables are independent of one another. Respondent data were not dependent in
this studw.

Wariables are normally distributed.

The 5PSS5S oulcome shown in Figure 11.29 (from “““Analyveze — Comparc
Means — Means” menus) indicates that the two variables are normally distributed
based on skewness amnd kurtosis. The histograms in Figure 11.30 (Commuoumnity
Involvement) and Figure 1131 (Job Opportunities) show some skewness in Jolb
COpportunities but “somewhat™ normal distribution in Community Tnvolvement,
findings indicated by the Shapire—Wilk test of normality shoswn in Figare 1132
Despite minor irrecgularities in the normal assumption, Pearson™s @ is robust and
can provide meaningtul results.

Wariances are egual. Pearson™s » 1s robust for these wviolations unless one or both
wvariables are significantly skewed. Although the results indicate some skewness in

CORRELATIOMN

Report

I | Tt I ren i 1

lib.asu.edu/PrintPages.aspx
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Figure 11.29 Descriptive findings fior stady variables.

o =2 4 L=
Community Involvement

Figure 11.30 The histogram for community involvement.

one variable (Job Opportunities), 1 will proceed with this study problem. The scat-
tergram shown in Figure 1 1.33 is partial evidence of bivariate normality, discussead
in the next assumption.

6. Linear relationship. The two variables must display a “straight line™ when plotting
their values, YViolations of this assumplion might include “curvilinear™ relation-
ships in which plotted data appear to be in the form of a U™ pattern. Figure 11.33
shows the scattergram for the study wvariables, the data of which appear to be uni-
formly distributed around the regression line. In a later chapter, T show how to
detect “curvilinear”™ and other relationships through SPSS. Using this example,
those tests and the wvisual examination of the scattergram provide evidence of
lincarity.

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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DaTas LAB: SOLLITIONS 1t

oy

=

=L 5

£

-

0 =2 S 57 5]
Job Oppurtunities
Figure 11.31  The histogram for job opportunities.
Tests of MNormmality
Kolmogorov-Smirmove Shapiro-wWilk
Statisiic olF Sig. Srariscic Gk Sig.

Jobh Opportonities 152 22 JO9s Lt 25 Oz
Commmuenity Tov ol verment A2 28 el1 i L et 28 LI et

Y. This is a lower hound of the true stz facamnce.

a. Lalliefors Significance Correclion

Figure 11.32 The tests of normalicy for the study variables.

Ivpothesis Test

1. The null hypothesis (A o0 = (.

2. The alternative hyvpothesis (A, o = (.

3. The critical value raggps, = 0374
4. The calculated value (OL.874) (see Figure 11.34 for the corrclation findings).

5. Statistical decision: Reject the null hypothesis, The caloculated correlation Calls
into the exclusion area and is therefore unlikely a chance finding.

Effect Size

http://lib.myilibrary.com.ezproxy1.lib.asu.edu/PrintPages.aspx
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The effect size for this result is + =076 (0.8477 = 0.764). The predictor vari-

able (ob opportunities) accounts for 76.49% of the variance in the outcome variable

3T CORRELATIOMN

Community Involvement

1 L=] =
1 2 3 1 5 & K

Job Opportunities
Figure 11.33 The scaltergram For the siady variables.

Correlatioms

Tk Caomrmemumily

Oppeortanities Invalvement
Jorb Odpprortumilies Pearsaon Correlation 1 Ba7E"
Sig. (2-tailed ) NN
o~ = 28
Commuanidty Tnwolwvemeant Pearson Correlacion BT 1

S, (2-tmiled)y MMM

ba') AR 28

7. Correlation is significant at the 001 level (Z-cailed).

Migure 11.34 The correlation findings for the study variables.

- L L S [ = = - = LR n - — n oM ae e
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criteria.

Discussion

For this example study, respondents indicated that job opportunitices in a swulb-
sidized housing project were positvely correlated to community involvement. The
high correlation (= 0.847) indicated that respondent’s judged community involve-—
ment to be higher with increased job opportunities.
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