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RDINARILY, psychologists conduct research to test g theoretjcal
principle or the effectiveness of some practical procedure, For
example, 4 psychophysiologist might measure changes in heart
rate from before to after solving a difficult problem. These mea-
surements would then be used to test a theory that predicts that
heart rate should change following successful problem solving. An applied
social psychologist might examine the effectiveness of a program of neigh-

arc conducted with a particular group of research participants, but the
researchers use inferential statisties to make more general conclusions gbont
the theoretical priniciples or procedure being studied. These conclnsions g0
beyond the particular group of research participants studied.
This chapter and Chapters 6, 7, and 8 introduce inferential statistics,
They are the foundation for most of the rest of what you will learn in this
*-~ book. In this chapter, we consider three topics: the normal curve, probability,
and population versus sample. This is a comparatively short chapter, prepar-
ing the way for the next ones, which are more demanding,

THE NORMAL DISTRIBUTION

We noted in Chapter 1 that the graphs of many distributions of variables thay
psychologists study (as well as many other distributions in nature) follow a
unimodal, roughly symmetrical, bell-shaped distribution. These bell-shaped
histograms or frequency polygons approximate a precise and important
mathematical distribution called the normal distribution, or more simply,

borhood meetings intended to promote water conservation. Such siudies
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FIGURE 5.1
A pormal curve,

normal curve
astronomer Karl Friedrich Gauss. However, if its dl
to anyone, it should really be to Abraham De M
example of the normal curve is shown in Figure 5-

Why the Normal Curve Is So Common in Natur

Take, for example, the number of random letters
remember accurately on various testings (with diffl
time). On some testings the number of letters reme

others low, and on most somewhere in between, T Al is, the number of ran-

dom letters a person can recall on various testings
follows a normal curve. Suppose that the petson ha;

the normal curve,! (It is also often called a Gays ian distribufion after the

pivre—see Box 5-1.) An
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ity to recall, say, seven letters in this kind of memoly task. Nevertheless, on
any particular testing, the actual number recalled §ill be affected by vari-
ous influences, such as noise in the room, the petsongs mood at the moment, a
combination of random letters unwittingly confusdH with.a familiar name,
a sequence of random letters that happens (o be mq itly the same letter, and
50 on. .

These various influences add up to make the pefion do better than seven
on some testings and worse than seven on others. However, the patticular
combination of such influences that occur at any tdting is probably essen-
tially random. Therefore, on most testings positive fand negative influences
should roughly cancel out. The chances of all the neghtive influences happen-
ing to comme togethet on a testing when none of the Rositive influences show
up is not very good. Thus, in general, the person remdimbers a midd]e amaunt,
an amount in which all the opposing influcnices canfel each other out. Very
high or very low numbers of letters remembered are fruch less common,

This creates a distribution that is unimodal-—mgst of the cases near the
middle and fewer at the extremes. It also creates a §istribution that is sym-
metrical, becanse a score is as likely to be above as bdlow the middle, Beinga

"The formula for the normal curve {when the mean is 0 and (he slndard doviation 15 1) is

1 2
)= gpme ™

whete f{x) is the height of the curve at point x and  and ¢ are the sxual mathernatical constants
{epproximately 3.1 and 2.72, respectively), However, peycholdey rescarchers almost never
use this foriula because it is built into the varons computcr proggems that do statistieal calcu-

.. lations involving normal curves. And when work must be done b hand, any needed informa-
tion about the normal curve is provided in tables in staristics bookk (for exumple, Table B-1 at
the back of this book). :
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unimodal, symmetrical curve does not guarantee thitt it will be close to a not.
mal curve; its tails could he too high or too low. OWEVET, It cun be shown
mathematically that in the long run, if the influenced are truly random, a pre-
cise normal curve will result. (The proof can be fouhd in a mathernatical sta-
tistics text.) Mathematical statisticians call this PRnciple the cenrral limit
theorem. We have more to sdy about this prineiple i Chapter 7.

The Normal Curve and Percentage of Cases Bet§een the Mean
and 1 and 2 Standard Deviations From the Mea

Because the shape of the normal curve is slandard, ghere is a known percent-
age of scores below or above any particular point. Fir example, cxactly 50%
of the scores are below the mean. This is because in y symmetrical distribu-
tion, half the scores are below the mean. More intere tingly, as shown in Fig-
ure 5-2, approximately 34% of the scorcs are alwa betwecn the mean and
| standard deviation from the mean. {Notice, incidef§tally, that in Figure 5-2
the 1 standard deviation point on the normal eurve s t the place on the curye
where it starts going more out than down.)

To illustrate the usefulness of the normal curve being completely stan-
dard, consider IQ scores. On many widely used inteligence tests, the mean
IQ is 100, the standard deviation is 16, and the distribution of IQs is consid-
ered (o be approximately normal (see Figure 5-3). Knpwing ahout the normal
curve and the percentage of scores between the mealh and 1 standard devia-
tion above the mean allows us to know that about W% of people have Qs
between 100, the mean 1Q, and 1 16, the 1Q score 1 sfndard deviation above
the mean. Because the normal curve is symmeirical about 34% of people
have 1Qs between 100 and 84 (the score 1 standak deviation below the
mean), and 68% (34% + 34%) have IQs between %4 hd 116.

There is something else you can see by looking at fre normal curve: There
are many fewer scores between 1 and 2 standard defiations from the mean
than there are between the mean and 1 standard defiation trom the mean.
About 14% of the scores are between 1 and 2 standald deviations above the
mean (see Figure 5-2). Similarly, because the normall curve is symumetrical,
about 14% of the scores are between 1 and 2 standafl deviations below the
mean. Thus, about 14% of people have TQs between 1 §6 (1 standard deviation
above the mean) and 132 (2 standard deviations above he mean).

Distributicm of IQ scores on mafly standard intelligence
tesis (with M = 100 and §D = 14

138 Some Key Ingredients for Inferential Statistics
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A You will find it very useful to remember the 34% and 14% figures. Thes
o figures tell you the percentage of people above and helow any particular scor

: , whenever you know that score’s number of standard deviationg above o
| beilow the mean,

‘ 1 the scores above the mean, 34% gare between the mean and | standard devia-
. ' tion above the mean and another 149 are between | and 2 standard devig.
L tions above the mean. That leaves 2% (that is, 50% — 34, 14% = 2%),

_ ! Similarly, SUDPOSE you were selecting animals for a study and needed to
- : consider their visyal acuity. Suppose also that visual acuity was normally dis-
d tributed and you wanted to use animals in the middle two thirds (a figure
2 g close to 68%) for visual acuity. In this situation, you would select animals
e ’ that scored between 1 standard deviation -ahove and 1 standard deviation
below the mean, If you knew the mean and the standard deviation of the

1- visual acuity test, you could then go on to pinpoint the raw score lowest and
n 1 highest acuity levels.
i_ 4w
:1 The Normal Curve Table and Z scores
)s N - The 34% and 14% £ gures are useful practical approximation mles, even
/e d when a score is not exactly at 1 or 2 standard deviations frorn the mean. These
le v percentages give you a general sense of where any particular seore stands in
18 relation to the other scores in the distriby ton. However, in many research and
. applied situations, psychologists need mote precise information. Fortunately,
e because the normal curve is exactly defined, such precision is feasible. It is
an possible (o compute, for exatnple, the exact percentage of scores between any
o - two points on the normal eurve, not just those that happen to be rightat 1 or 2
he if standard deviations from the mean, Tha is, it Is possible to determine the
al, exact percentage of scores between any two Z scores, For example, exactly
he g 68.59% of scores have a 2 score between +.62 and —1.68; exactly 2.81% of
5N scores have a Z score between +.79 and +.89; and so forth.

It is possible to compute these exacy Percentages applying the formoula for
: the normal curve and integrating, using calculys, However, in practice, psy-
oo chologists do this much more simply. Statisticians have worked our tables
for the normal curve that give the percentage of scores between the mean (a
£ score of 0) and any other 2 score, SUppose you want to know the percetitage
of scores between the meap and a Z score of .62. You simply look up .62 in
the table and it tells you that 23.24% of the scores are between the mean and

- this Z score, . '

n We have included such a normal curve table in Appendix B (Table B-1).  rbrmal curve tahle

n AS you can see, the table hag two columns. The first column lists the Z score;
"I the column next to it gives the percentage of scores between the mean and
that Z score. Notice also that the table repeats these two columns several
times on the puge. Be sure to look across only one column. Also, notice that
the table lists only positive Z scores. This is becavse the normal curve is per-
i fectly symmetrical. Thus, the percentage of scores between the mean and,

'he Normal Distribution 739
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say, & £ of +2.38 is exactly the same ay
mean and a 2 of -2.38,

In our example, you would find .62 in the “Z"kolumn and then, right

next t¢ it in the “% mean tq 2" column, you would fifd 23.24, -

: You can also reverse the process and find the Z sclre that goes with a par- ' :

| ticular percentages of scores, Suppose you were told that Janice’s creativity "

; Score was in the top 10% of ninth grade students. Les also assume that cre- .

attvity scores foillow a normal curve, Yoy could figurfl out her Z score asg fol- t

lows: First you would reason that if she is in the top 10%, 40% of the students L

have scores between her score and the mean, (There afe 50% above the mean (

‘ and she is in the top 10% of scores overall, This Iguves 40%.) Then, you €

would look at the “% mean to Z” column of the tablduntil you found a per- ¢

!. centage that was close to 40%. In this case, the closest ou could come would §

‘ be 39.97%. Finally, you would look at the “Z* columy io the left of this per- 4
centage. The Z score for 39.97% is 1 28, If you know fhe meun and standard

: deviation for ninth-grade students’ creativity scores, ydu could figure out Jan- f

| ice’s actual raw score on the test. You would do thic by changing her Z score £

of 1.28 to a raw score using the wsual method of chs ging Z scores to raw I

scores. . .

. 12

Procedures for Finding the Percentages .

of Scores From Raw Scores and Z Scores ©

Using a Normal Curve Table I

Based on the above discussion, we can now systematich ly review the proce- L

dures for finding percentages of scores from Z scored, If you are working 5

with raw scores, change them to 2 scores, using the prpcedures described in g

Chapter 2. Then proceed as follows. ‘
First draw a picture of the normal curve. Where tfe Z score falls on it, 1+
shade in the area for which youn are trying to find the gercentage. Then esti- d 3
mate the percentage in the shaded area based on the 5( 70—34%—14% practi-
" cal rule. When drawing in the Z score, be sure to put it ifthe right place above ‘
or below the mean according to whether it is a positivd or negative Z score. I
Drawing a picture of the problem and making a roughficuess are important, r f .
because you will be much less likely to make mistakel in the more precise T
figuring.
Once you have your picturé and your rough guess, fou can go on 1o find

the exact number. The main step is to look up the Z scofe in the “Z* column
of Table B-1 and find the percentage in the “mean to Z*§column next to it. If
you want the percent of scores between the mean and thi 7 score, this would
be your final answer. But often you will need to add 508 to this percentage.
This is necessary when the Z score is positive and you Want the total percent E
below this Z score; or when the Z score is negative and ygu wanl the total per- g §
cent above this £ score. Other times you will have to saltract this petcentage sy F
from 50%. This is necessary when the Z score is positife and you want the
percent higher than it; or when the Z score is negative ajd you want the per-

cent lower than it. _
It isn’t necessary to memorize such rules. It is much Basier to make a pic-

ture for the problem and figure out whether the percentafge vou have from the
table is correct as is, or if yon need to add or subtraet 504

£
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Examples

Consider some cxamples using IQ scores. Suppose a person has anIQof 12
What percentage of people have higher IQs? Before proceeding we need ¢
convert this to a 2 score, Assuming a mean of 100 and a standard deviarion 0
16, an IQ score of 125 is equal to a Z score of +1.56. Now that we have th
Z score, the first step is to draw the picture. In Figure 5.4 we have shaded i
the area above a Z score of 1.56, Then we want to 8pproxXimate the Percentag
using the 50%-34%-14% myla. A Z score of 1 has 16% of the scores above jt.
(This is because it has 349, of the scores between i and the mean, ang there
are 50% of the scores above the mean. That leaves 16% above 1 standard
deviation.) As we saw in an earlier example, a Z score of 2 has 2% of the
scores above it, Thus, a Z score of 1.56 will have somewhere between 169
and 2% of the scores above it,

Having drawn the Picture and estimated the Pcrcentage, we are now

people above the mean are below this person’s IQ, that leaves 5949, (509
—44.06%) ahove this person’s score. This is the answer 10 our problem (and
is shown in Figure 5-4). Notice that thig Percentage is within the range we

the curve above g 7 score of ~.31, Our Z score is between 0 apgd -1 A Zscore
of 0 has 50% of the scores above jt. A Z score of —) has 84% of the Scores

FIGURE 5-4

above an 10 seore of 125.

FIGURE 5.5

above an IQ score of Q3.

Distribution of 1Q scores sh

Distribution of IQ seoreg showling shaded region for scores
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.‘: : above it. (This is becanse there are 34% of the scofes between —1 and 0, plus
| another 50% above 0, for a tota] of 84%.) Thus, oull score of —.31 wil]l have
i somewhere between 50% apd 84% of the scores ablbve it.

Now to the exact figuring. The normal curve t ple shows that 12,176 of
scores are between the mean and » 7 scote of .31, Because the nomal curve
! is symmetrical, this is also the area between a Z of§.31 and the mean. Thus,
i the total area above — 31 is 12.17% plus the 50% afove the mean, for a totg]
| of 62.17%. (This is within our approximated range §f 50% to 84%.)

, Notice also that the percentage of scores helola Z score of — 31 wonld
1 be the 50% below the mean minus the 12.17% bet§een the tnean and — 3],
That leaves 37.81% of scores below a Z score of — 3.

Procedures for Finding Raw Scores
| and Z Scores From Percentages of Scores
i Using the Normal Curve Table

] Going from a PeICentage 10 a Z score is similar to g ping from a Z score (o a
i percentage. In both cases you begin by making a picture of the problem,
‘ shading in the approximate percentage, and makingla rough guess of the Z
N score using the 509%—34%—|4 figures. The rest o (he process is almost
exactly the reverse of going from a Z score to 4 pergentage. Looking at the
. _ picture, you figure out the percentage between the mfan and where the shad-
! ing starts or ends. For example, if your percentage is e top 8% then the per-
! centage from the mean to where that shading starts is §2%. If your percentage
is the bottom 35%, then the percentage from the medn to where the shading
starts is 15%. If your percentage is the top 83%, then ke percentage from the
mean to where the shading stops is 33%.
Once you have the percentage from the mean to ghere the shading starts
Or stops, you leok up the closest nnmber you can findfo it in the “% Mean to
Z” column of the normal curve tahle. The Z score in thE “Z” column next to it
will be your answer—except it may be negative. Thelbest way to tell if it is
positive of negative is from your approximation and ¥y looking at your pic-
ture,
If you need a final answer it raw score terms, convert the Z score (o a raw
score Using the methods you learned in Chapter 2.

Examples

Once again, we will use IQ scores for our examples, What IQ) score would a
person need to be in the top 5%9? Figure 5-6 shows qur picture; notice we
have shaded the area with the top 5%. Using the 50%~3%—14% mule, we can
figure that the Z score for the top 5% is between +1 and +2. We figure this as
follows: Of the 50% above mean, 34% are between thd mean and 1 standard
deviation, leaving 16% above | standard deviation. Hewever, because there
are 14% between 1 and 2 standard deviations, there ardonly 29 left above 2
standard deviations.

Regarding the exact Z score, we first find the percdnt between the mean
and where our shaded area starts, In this case, if 509 have IQs above the
mean, at least 45% have IQs between this person and the mean (50% — 5% =
45%). Looking in the “% mean ta Z” colump of the nrmal curve table, the

142 Some Key Ingredients for Inferential Statistics
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FIG:URE 5-6

Zscore and IQ) raw sqore comesponding to the top 5%,

1Q Score: :
ZScore: -

& cortesponding to the bottom 2.5%,

i closest to 45% is 44.95%, (or you conld use 45,059
}- of 1.64 in the “Z™ column. As expected from our
o answer is between +1 and +2,

)- This goes with a Z score
initial approximation, this

© 4 To find the raw score, we can use the formula from Chapter 2: X = M +

£ (Z)(SD). With 2 mean IQ of 100 and a standard deviation of 16, you could

e conclude that to be in the top 3%, a person would need an IQ of at least

126.24,

ts Now consider what 1Q would be i the lowest 2.5%. Our diagram of the

) N problem, shading in the bottom 2.5%, is shown in Fi gure 5-7, The bottorn 2%

it of a normal curve begitis at 2 standard deviations below the mean (just as the

is lop 2% begins at a +2). Thus, we can estimate that our answer will be some-

- where near a Z score of -2, In Thore precise terms, the bottom 2.5% means
that at least 47.5% of people have IQs between this IQ and the mean (509

W —2.5% =47.5%). In the normal curve table. 47.5% in the “% mean 1o 7* col-
tnn goes with a Z score of 1.96. Since we are below the mean, this becomes
—1.96—a number quite close to our estimate of —2. Convertin £ 10 araw scare,
the IQ for the bottom 2.3% comes out to an 1Q of 68.64.

i

€ PROBABILITY

n —_

18 . The purpose of most psychological research is to exarnine the truth of a the- '

d ory or the effectiveness of 5 procedure. But scientific research of any kind can

e only make that truth or effectiveness seem more or legg likely; it cannot give

2 us the luxury of knowing for certain, Probability is very important in science

) N particular, probability is very important in inferential statistics, the meth-

oy 0ds psychologists use t0 go from results of research studies to conclusions

e 3 about theories or applied procedures,

= i, Probability has been studied for centines by mathematicians and

e

Philosophers. Yet even today, the topic is full of

controversy. Fortunately,

Probability 143
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however, you need (o know only a few key ideas to u flerstand and carry out
the inferential statistical Procedures you learn in thig book. These few key
points are not very difficult—indeed, some studentd find them inmitively
obvious.

Interpretations of Probability I
prohability In statistics we usually define probability as “the expedied relative frequency 1
outcome of a particular outcome.” An ontcome is the result of §n experiment (ot just
about any situation in which the result is not known in aivance, such as 4 €oin
coming up heads or it raining tomorrow). Frequency is how many times
something happens. The relative frequency is the numtlr of (imes something
happens relative to the number of times it could have H ppencd—that is, the
proportion of times it happens. (A coin might come uffheads & times out of
expected relative frequency 12 Rips, for a relative frequency of 8/12, or 2/3.) Expected relative fre-
quency indicates what you would expecl 1o get in fhe long run, if you
repeated the experiment many times. (In the case of 5 o, in the long run
fong-run relative-frequency you would expect to get 1/2 heads). This is called th long-run relative-
interpretation of probability frequency interpretation of probability.

We also use probability to communicate how certaifl we are that a partic-
subjective interpretation of ular thing will happen. This is called the subjective intedoretation of proba-
probability bility, Suppose that you say there is a 95% chancd that your favorite
restaurant will be open tonight. You could be using a find of relative fre-
quency interpretation. This would imply that if you wefe to check whether
this restaurant was open many times on days like today, ga 95% of those days
you would find it open. However, what you miean is prgbably more subjec-
tive: On a scale of 0% to 1009, you would rate yourfonfidence that the
Testaurant is open at 95%. To put it another way, you would fecl that a bet wag

fair that had odds based on a 95% chance of the restanrarg’s being open.
Which interpretation one adopts does not affect how brobability is calcu-
lated. We introduced these concepts here for two reasons§First, we wanted to
give you some deeper insight into the meaning of the ter probability, which
e will be prominent throughout the rest of your learning afout statistics, even
if, as is 50 often the case, this deeper understanding does Jot take the form of
set-in-stone dogma, Second, familiarity with both interprtations is crucial ro
understanding some of the deepest controversies in statis ics—one of which

we will introduce at the end of this chapter,

L IV I T N, TR

Calculating Probabilities

In statistical applications, probabilities are calcuiated adthe proportion of
successful outcomes—the nurnber of possible successfu outcomes divided
by the number of all possible outcomes.

Consider the probability of getting heads when flippie a coin. There is
one possible successful outcome (getting heads) out of fwo possible ont- -
comes (getting heads or getting tuils)—y probability of 1/4, or .5. In a throw
of a single die, the probability of a 2 (or any other particul:f side of the die) is
1/6, or .17. This is because there can only be one particufr successful out-
come out of six possible outcomes. The probability of throging a die and get-
ting & number 3 or lower is 3/6, or .5. There are three phssible suecessful
outcomes (a1, a 2, or a 3) out of ix possible vutcomes.

144 Some Key Ingredients for Inferentia] Statistics
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E . Box5-2
i | Pascal Begins Probability Theor,
. at the Gambling Table, Then Learns to Bt on God
Whereas in England statistics were used ig keep . begun the field o obab ty theory and
track of death rates and to prove the existence of that would lead to Jhe normal-curve, 5
God (see Box 1:1), the French and the Italians " - . By the" way, 'ng long after solving this p,
developed statistics at the gaming table, In par- ' leiy, Pascal siddpnly became as’ religion
ticular, there was the “problem of points”—the devout'as the Eng sh statisticians. He wag in .
division of the stakes in a game after it has © runaway, coat onj bridge and was saveqd fr
been interrupted. If a certain number of plays drowning only by e traces of the team bre:
were planned, how much of the stakes should at the ‘ldst 14 monient. He ‘took 1
each player walk away with, given the percentage warning to ‘abandi 1 his ‘mathemaical :
played so far? ‘ ' - favor'of i titings and later form
The problem was discussed at least as early as “Pascal’s” tthe value of a game
_ 1454 by Lueca Pacioli, a friend of Leonardo da mes the probability of 'win-
Vinel. But it was unsolved unti] 1654, ‘when ‘it en if the Probability
i was presented to Blaise Pascal by the Chevalier . that God exist; ould gamible on the 4 ..
© de Méré. Pascal, a French child prodigy, attended - ue of the prize is.
- meetings of the most famous adylt French mathe- ot '
@ ! maticians and at 15 proved an important theorepy
5 }. in geometry. In correspondence with Pierre Fer- ‘ SRS |
i mat, another famoug French mathernatician, Pag- Reference: Tan‘lca}'c!.(lég#).
i‘: i cal solved the problem of points and in so doing AR
ﬁ Consider a slightly more complicated example. Suppose that a class has
‘ 3 200 people in it, and 30 are seniors, If you were lo pick someone from the
'} i class at random, the probability of picking a senior would be 30/200, or .15,
! N This is because there are 30 possible successful outcomes (getling a genjor)
E ! out of 200 possible ouicomes,
: '
j Range of Probabilities
Probabilities are proportions (the namber of successful outcomes to the total
o number of possible outcomes). A proportion cannot be less thap 0 or greater
g than 1. In terms of Percentages, proportions range from 0% to 100%. Some-
4 thing that has no chance of happening has a probability of (0, Something that
‘ Y is certair to happen hag a probability of 1. Notice that when the probability of
5 anevent i 0 the event is completely impossible, it cannot happen. But when
- the probabilily of an event i low, say 5% or even 1%, the event is improbable
V. : or unlikely, bui not impossible,
§
. Probabilities Expressed As Symbols
l Probability is usvally symbolized by the letier p. The actual probability num-  p|

ber is usually given

as a decimal, though sometimes fractions or percentages

Probability 145
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FIGURE 5-%

Frequency distribution (shown as a histogratn) of 50 scores in which p=.2
{10/50) of randomly selecting a case with a score of 7 or higher,

CCIS

are used. Thus a 50-50 chance ig usually written as p 4 5. But it could also be
written as p = 1/2 or p = 50%. It ig 4ls0 common to se probability written ag
being “less than” some nuriber, using the “less than™ bign (<). For example,
“p <.05" means “the probability is less than 5%.”

Probability Rules

As we noted above, our discugsion only scratches the furface of probability,
One of the topics we have not considered are the rulesffor computing proba-
bilities involving multiple experiments or outcomes (fF example, what is the
chance of flipping a coin twice and both times gettiglo heads?). These are
called probability rules and they play an important rol} in the mathematical
foundation of many aspects of statistics, However, kng ing these probability
rules is not necessary to understand the material covefed in this buok. Far.
ther, these rules are rarely nsed directly in analyzing fesults of psychology
research. Nevertheless, voy will occasionally see such grocednres referred to
in research articles. Thus, the two most widely mentighed probability rules
are described in the Chapger Appendix,

Probability and the Normal Distribution

Until now we have mainly discussed probabilities of specilic events that
might or might not happen. We can also 1alk abour 2 ange of events that
might or might not happen. The throw of a die comingout 3 or lower is an
example. Other examples would be the probability of sefcting someone on 4
city street who is between the ages of 30 and 40, .

If you think of probability in terms of proportion of scores, probability
fits in well with frequency distributions (see Chapter M. Consider the fre-
quency distribution shown in the histogram in Figure 5. Of the tota] of 50
scores, 10 are 7 or higher. If you were selecting people frdm this group at ran-
dom, there would be 10 chances (possible suceessful outy omes) out of 50 (all
possible outcomes) of selecting one that was 7 or higher. Thus, p = 10/50 = 2.

The normal distribution can also be thought of as a robability distriby-
tion. The normal curve is a frequency distribution in whifh the proportion of
scores between any two Z scores is known, As we are sefing, the proportion
of scores between any two Z scores is the same as the propability of selecting
a score between those two Z scores. For example, the prpbability of a score

146  Some Key Ingredients for Inferentlal Statistics

E17 373 5121 F.11-21




B — e e

e O~

FEE-

17-26E58 18:54 CCIS

E17 373 5121 P.12-21

being between the mean and a Z score of +1 (1 standard deviation above th
mean) is about 34%; that is, p = .34.
What we are saying may have been obvioys all along. In a sense, it i

- merely a technical point that the normal curve can be seen as either a fre

SAMPLE AND POPULATION

We are going to introduce You to some important ideay by thinking of beans.
Suppose you are cooking a pot of beans and tasie a spoonful to see if they are
done. In this example, the Pot of beans is a population, the entire set of | population
things of interest, The spoonful is a sample, the part of the population aboyt sample
which you actvally have information, This is illustrated in Figure 5-9,

In psychology research, we typically smdy samples not of beans but of
individuals. A sample might consist of 50 Canadian women who participate
in a particular experiment; the Population might be intended to be all Cana-
dian women. In an Opinion survey, 1,000 people might be selected from the
voting-age population of a particular country and asked for whom they plan
to vole. The opinions of these 1,000 people are the sample. The opinions of
the larger voting public in that country, to which the pollsters hope to generai-
ize their results, 1s the population (see Figure 5-10) 2

Why Samples Are Studied Instead of Populations

As we have seen, researchers conduct studies to learn something about & pop-
ulation. Thus, their results would be most accurate if they could study the

FIGURE 5.9
Populations and samples; In (a), the entire pot of beans is the popularion, the spoonful is a sample. J (b), the entire Targer cir-

cle is the population, the ¢ircle within it is the sample, In (c), the histogram is of the population andfhe particular shaded
Seores together make up the sample.

“Siric(ly $peaking, populution and sanple refer to a sel of seores {numbers or measurements), .
not o the reseurch participants measured, Thus, in the first example, the sample is Teally tha
Scores of the 50 Camadinn women, not the 50 women themselves; the population is really what
the scores would be if all Canadian WOmen were measired,

Sample and Population 147
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FIGURE 5-10

Additional examples of populations and sam-
ples. In (a), the populaticn 15 the scorces of al]
Canadian wornen, and a sample consists of the
scores of the 50 partcular Canadian women
studied, In (b), the Ppopulation is the voting
preferences of the cotire voting-age population
in & particular country, and & sample consists of
the voting preferences of the 1000 voting-age
people in that country who were survayed.

All
Canzdian

entire population, rather than a subgroup from that pop}lation, However, in
most research situations this is not practical. More i portant, usually the
whole point of research is to be able to make generaliz3tions or predictions
about events beyond our reach. We would not call it scie tific research if you
tested your three cars to see which gets better gas mileagd—unless you hoped
to say something about the gas mileage of thosa todels §¢ cars in general. In
other words, a researcher might conduct an experiment dn the way in which
people store words in short-term memory using 20 students as the partici-
pants in the experiment. But the purpose of the ¢xperimdit is not to find out
how these particular 20 students respond to the expefimental condition.
Rather, the purpose is to learn something about human femory under these
conditions in general,
The strategy in almost all psychology research is tdf study a sample of
individuals who are believed 10 be representative of the peneral population
(or of some particular population of interest). More realiftically, researchers
try to study people who do not differ from the general pofulation in any sys-
tematic way that would be expected to matter for that topig of research,
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3o in psychology research (and nearly all scientific research), the sampl
is what is studied. The Population is an unknown that researchers draw con
clusions about on the basis of the sample. Most of what you leamn in the tes
of this book is about the important work of drawing conclusions about popu
lations based on information from samples.

Methods of Sampling
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(also see Box 5-3). Briefly, in most cases the ides] method of picking out a
sample to study is cailed random selection. The researcher obtains a com-| random selection
plete list of all the members of a population and randomly selects some num-
ber of them to study, An example of a random method of selection would be
to put each name on a table tennis ball, put all the balls in a big hopper, shake
it up, and have a blindfolded person select as many as are needed. (In prac-
tice, most researchers use a computer-generated 1ist of random numbers. Tust
how computers or persons can create a list of truly random numbers is an
interesting question in its own right that we examine in Box 15-1 J

It is important to distinguish truly random selection from what might be
called haphazard selection; for example, just taking whoever is available or haphazard selection
happens to be first on a list, When using haphazard selection, it ig surprigingly
easy accidentally to pick a group of people to study that is really quite differ-
ent from the population as a whole. Consider a survey of attitudes about your
statistics instructor. Suppose you colleet your survey information from those
who sit near you in class. Such a survey would be affected by all the factors
influencing choice of seat, some of which have to do with precisely what you
are studying—how much they like the instructor or the class. (Similarly, ask-
ing people who sit near you would result in opinions more like your own than
4 truly random sample would.)

Unfortunately, it is only occasionally possible in psychology research to
study a truly random sample. Much of the time, in fact, studies are condneted
with whoever is willing or available to be a research participant. At best, as
noted, a researcher tries to study a sample of individuals who are not system-

S hette S3hee s ag b ne i S

in atically unrepresentative of the population in any known way, For example,
he Suppose 4 study is about a process that is likely to differ for people of differ-
ns ent age groups. In this situation, the researcher may attempt to include people
ol 1 of all age groups in the study. Alternatively, the rescarcher would be careful
ed 1 to draw conclusions only about the age group that was studied. |
In 3
;h | Statistical Terminology for Samples and Populations |‘
it 1‘ The mean, variance, and standard deviation of a population are called Popu-  Ropulation parameters’ 1'
m. i lation parameters. A population parametet i usually unknown and can only ;
58 N . beestimated from what you know about a sample from that population. You ;
{ don’t taste all the beans, Just the spoonful. “They’re done” is an gstimation ;
of ? about the whole pot. :
on y To keep this distinction in mind, population parameters are usually sym-
TS 3 bolized by Greek letters, The symbol for the mean of a population is M., the
e Greck letter “mu.” The symbol for the variance of 4 population is o2, and the 2

symbol for its standard deviation is o, the lowercase Greek letter “sigma”

Sample and Population 149 i
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TABLE 5.1
Population Parameters and Sample Statisties

’ Population Parameter Sample Statistic
(Usually Unknown) (Computed From Known Data)
Basis: Scores of entire population Scores of sample only
Symbols:
Mean n M
Standard deviation a 8D
Viriance o sDr

You won’l see these symbols often, except while learning statistics. This is
because, again, researchers seldom know the population parameters,
The mean, variance, and standard deviation you figure for the scores in a :
sample are called sample statistics. A sample statistic is computed from | sample statistics
known information. Sample statistics are what we have been calculating all
along and use the symbols we have used all along: M, SD?, and SI). These
various symbols are summarized in Table 5-1. ‘

I
.
b
o
b
.
L
-
Pt
4
ki
i
i
K

RELATION OF NORMAL CURVE, PROBABILITY,
AND SAMPLE VERSUS POPULATION :

In most research situations, as noted, we do not know the population parame-
ters. However, we usnally do assume that the shape of the population is
roughly a normal curve. So researchers generally collect information from a
sample in order to make probabilistic inferences about the parameters of &
normally distributed population.

Consider an experiment o examine whether students leamn more when
studying all at once or when their studying is spread over a petiod of time.
Sixty students are randomly selected to participate in the study. Half are ran-
domly assigned to study all at once and half to study the same number of
hours spread out over several weeks. At the end of the several weeks, both
groups are given a test, The result is that there is a difference between the two
groups in their mean scores on this test.

Now let’s consider this experiment in terms of the lan guiage we have been
using in this chupter. The group that studied all at once is a sample. This sam-
ple is intended to represent how students in general would perform if they
were assigned to study all at once. That is, this sample represents @ hypothet-
ical population of students who are assigned 10 study all at once. The group
that studied over time is another sample. This samnple 1s intended to represent
i how students in general would perform if assigned to study over time. That is,
this samplerepresents a hypothetical population of students who are assigned '
to study over time. The mean of each of the two groups studied is a sample '
statistic computed from the results of the experiment.

The populations represented by these samples do not even really exist.
There is a general population of students, of course, but there {s no population
of students who have beer assigned to these conditions (other than those in
the experiment), We want to know about students who in the fumre might be
given such instructions; that population is unknown. We usually assume that
# suchunknown populations follow a normal curve, We make this assumption

Relation of Normal Curve, Probability, anfl Sumple Versns Population 1 57
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simply because most distributions in psychology fllow a normal curve.
However, we have no basis for making any assumptifng about the mean and
variance of those populations—these population pafameters are unknown,
Any conclusions we make about them must be baseq on the information in
the sample statistics,

Finally, the question of interest is a question abou robability. The think-
ing is a bit complex here=—and we devote most of Chalbter 6 to this. However,
as a preview, consider the following logic: Suppose tht the true means of the
two populations (population parameters) were in fad the same. Under this
supposition, how students study really docsn’t affect gnount learned. Never-
theless, when we did the experiment, the mean test scdres of our two samples
were different. Thus, given our supposition of no true ifference between the
populations, what is the probability that the means ofpur two samples could
be as different as they actually are? If the probability il low, it seems unlikely
our supposition of no difference between the populatins was correct. Thus,
we reject this supposition (of equal population means}. If we reject this sup-
position of no difference between the populations, thaf leaves the conclusion
that there is g difference petween the populations. Thaflis, this result supports
the conclusion that the way students study really doegaffect how much they
learn. )

This logic may seem rather convoluted. Tt is. H wever, it 1s just such
thinking about probabilities, samples, and populationgthat is the foundation
of most inferential statistics in psychology. It is, in 2 nutshell, the logic of
what is called “hypothesis testing,” which we explore § ep-by-step in Chapter
6. You needn’t ponder it now. We only introduced the §deas here to give you
an idea of how the various elements covered in this chpter fit together in the
kinds of statistical problems faced in real-life psychol by research.

CONTROVERSIES AND LIMITATIONS

Basic as they are, the three topics we have introduced in this chapter—the
normal curve, probability, and sample and populatioff—are the subjects of
considerable controversy. We shall explore a major g pntroversy associated
with each.

Is the Normal Curve Really So Normal?

We have said that real distributions in the world often agbroximate the normal
curve very closely. The ¢xtent to which this is true is v important, and not
merely because assuming a normal curve makes Z scordp mors useful. As you
will see in later chapters, most of the statistical techniqfles that psychologists
uge assume that their samples come from populations fhat are normally dis-
tributed. The extent to which this is a reasonable assumgltion has been a long-
standing source of debate. The predominant view has bden that given the way
psychological measures arc developed, a bell-shaped distribution “is almost
guaranteed” (Walberg, Strykowski, Rovai, & Hung, 198§, p. 107). Or as Hop-
kins and Glass (1978) put it, measurements in all discfplines are such good
approximations to it that one might think “God loves thefnormal curve!”
However, there has been a persistent line of eriticidn about whether na-
ture really packages itself so neatly. Micceri (1989) presnted strong evidence
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that many measures commoniy used in psychology do not yield scores the
are normally distributed “in nature” His study included achievement an
ability tests (such as the SAT and the GRE) and personality tests (such as th
MMPI), Micceri obtained data sets and examined the distributions of scor

of 440 psychological and educational measures that had been used on ve

lurge samples. All of his data sets had samples of over 190 individuals, an
the majority had samples of over 1,000 (14.3% even had samples of 5,000 t
10,293). Yet large samples were of no help. No distribution investigate,
passed all checks for normality (mostly Miccert looked for skewness, kurto
sis, and “lumpiness”). Few measures had distributions that even came reason
ably close to looking like the normal curve. Nor were these variation
predictable: “The distributions studied here exhibited almost every conceiv
able type of contamination” (p. 162), although some were more commo
with certain types of tests. Miceeri discusses many obvious reasons for thi
nonnormnality, such as “ceiling” or “floor” effects (see Chapter 2).

How much has it mattered that the distributions for these measures wer
so nonnormal? According to Mieceri, it is just not known. And until more i
known, the general opinion among psychologists will no doubt remain sup
portive of traditional statistical techniques, with the underlying mathematic
based on the assumption of normal population distributions. What is the rea
son for this nonchalance in the face of findings such as Micceri’s? It turns ou
that under most conditions in which they are nsed, the traditional technique
seem to give results that are reasonably accurate even when the form:
requircment of a normal population distribution is not met (e.g., Sawilows
& Blair, 1992). In this book, we generally adopt this majority position favor-
Ing the use of the traditional techniques in all but the most extreme cases. Butl
you should be aware that a vocal minorily of psychologists disagrees. Some
of the alternative statistical techniques they favor (ones that do not rely on
assuming a normal distribution in the population) are presented in Chap-
ter 13,

Galton, one of the major pioneers of statistical methods (recall Box 3-1),
said of the normal curve, “I know of scarcely anything so apt to impress
the imagination. . . . [Tt] would have been persenified by the Greeks and dei-
fied, if they had known of it. It reigns with serenity and in complete self-
cffacement amidst the wild confusion™ (1889, p. 66). Tronically, it may be
true that in psychology, at least, it truly reigns in pure and austere isolation,
with no even close-to-perfect real-life imitators,

What Does Probability Really Mean?

We have already introduced the major controversy in the area of probability
theory as it is applied to statistics in psychology, the dispute between the
long-term -relative-frequency interpretation and the subjective degree-of-
belicf interpretation. In most cases, though, it really does not much matter
which interpretation is used; the statistics are the same, But among the minor-
ity of theorists who favor the subjective interpretation, some hold a rather
eritical view of the mainstream of statistical thinking. Tn particular, they have
advocated what has come 1o be called the “Bayesian approach” (for example,
see Phillips, 1973). The approach is named after Thomas Bayes, an early-
18th-century nonconformist English clergyman who developed a probability
theorem appropriately known as “Bayes’ theorem.”

E17 373 5121 P.17-21
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Bayes’ theorem itself can be proved mathematica y and is not controver-
sial. However, its applications in statistics are hotly flebated. The details of
the approach are beyond the scope of an introductoryext, but the main point
of dispute can be made clear here: According to th Bayesians, science is
about conducting research in order to adjust our preex sting beliefs in light of
evidence we collect. Thus, conclusions drawn from a experiment are always
in the coniext of what we believed about the world Hfore doi ng the expen-
ment. The mainstream view, by contrast, says that it if better not to make any
assumptions about prior beliefs. We should just Took fit the evidence as it is,
judging whether the experiment has shown any reliafle effects at all (or no
effect whatsoever). Some statisticians in the mainstreain do acknowledge that
the Bayesian description of science may be more accifate. However, they are
uncomfortable with using Bayesian methods in statftical computations in
research practice, because adopting them would mefn that the conclusion
drawn from each study wouid depend too heavily on fhe subjective belief of
the particular scientist conducting the study. Thus, fhe same experimental
results from different scientists could lead to different fonclusions.

The Bayesian approach represented u lively (tfough never majority)
movement in psychological statistics during the 19604and 1970s. Since then
it has become much less prominent as a movement, at feast under this banner.
Nevertheless, many of the issues raised by this dispuf temain Important in
new guises (Games, 1988; Gigerenzer & Murray, 1997; Leventhal & Huyn,
1996, Prentice & Miller, 1992),

Sample and Population

Most of the statistical procedures you learn in the restfpf this book are based
on the assumption that the sample studied is a randomfpample of the popula-
tion. As we peinted out, however, this is rarely thf case in psychology
research. Most often, our samples include whatever inflividuals are available
to participate in our experiment—meaning that most frudies are done with
college students, volunteers, convenient laboratory anighals, and the like.

Some psychologists are concemed sbout this prpblem and have sug-
gested that researchers need to use diflerent statistical ipproaches that make
generalizations only to the kinds of people that are actifally being used in the
study.? For example, these psychologists would argue (8at if our sample has a
particular nonnormal distribution, we should assume that we can generalize
only 10 & population with the same particular nonnormaf distribution. We will
have more to say about their suppested solutions in Chabter 15.

*Frick (in press) argues that in most cases psychology researchers sfould not think in terms of
samiples and populations at all. Rather, he argues, researchers shofid think of themselves as
studying processes, An experiment examines some process in a gro@p of individuals, Then the
reseatcher evaluates the probability that the pattern of results cohld have been cansed by
chance factors, For example, the researcher examines whether a difference in means between
an experimental and a control group could have been cansed by [actdds other than by the expet-
imental manipulation. Prick clalms that this way of thinking isfmuch closer to the way
researchers actually work, and argues that it has various advantages | torms of the subtle logic
of inferential statistical procedures. It will be interesting to see the refction to Frick’s proposal,
In any case, following the more standard approsch (as taught inQhis book) yields exactly
the same results and 15 consistent with the way most psychologts understand statistical
reasoning. -

154 Some Key Ingredients for Inferential Statistics
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Sociologists, as compared to psychologists, are much more concern
about the representativeness of the groups they study. Studies reported i
sociology journals (or in sociologically oriented social psychology journal
are much more likely to use formal methods of random selection and lar
samples or at least to address the issua in their articles,

Why are psychologists more comfortable with using not ¢learly rando
samples? The primary reason is that they are mainly interested in the rel
tionships among variables. If in one population an increase in X is associate
with an increase in ¥, this relationship should probably hold in other popul
tions. This relationship should hold even if the actual levels of X and ¥ diffe
from population to population, Suppose that a researcher conducts the exper
iment we used as an example in Chapters 3 and 4, testing the relation of num
ber of exposures to a list of words to number of words remernbered. Suppos
further that this study is done with college students and that the result is tha
the greater the number of exposures, the greater the number of words remem
bercd. The actual number of words remembercd from the list might well b
different for people other than ¢ollege stndents. For example, chess master
(who probably have highly developed memories) may recall more words
people who have just been upset may recall fewer words. However, even i
these groups, we would expect that the more times exposed to the list, the
more words will be remembered, That is, the relation of number of EXposires
to number of words recalled will probably be about the same in each popula
tion.

In sociology, the representativeness of samples is much more important.
This is because sociologists are more concernsd with the actual mean and

variance of a variable in a particular society. Thus, a sociologist might be|

intcrested in the average attitude towards older people in the population of a
particular country. For this purpose, how sampling is done is extremely
imporiant,

NORMAL CURVES, PROBABILITIES, SAMPLES,
AND POPULATIONS IN RESEARCH ARTICLES

The material covered in this chapter js primarily used as a foundation for
understanding the topics covered in subsequent thapters. Tt is rarely dis-
cussed explicitly in research articles {except articles about methods or statis-
tics). Occasionally, you will see the normal curve mentioned, in the context
of describing the scores on a particular variable. (We say more about this, and
give some examples from published articles, in Chapter 15. In that chapter
we consider circumstances in which the scores do not follow a normal curve.)

Probability is also rarely discussed directly, except in the context of sta-
tistical significance, 4 topic we mentioned briefly in Chapter 3. Tn almost any
article you look at, the Resulis section will be strewn with descriptions of var-
lous methods associated with statistical significance, followed by some
expression such as “p < .05" or “p < .01." The p refers to probability, but the
probability of what? That is the main topic of our discussion of statistical sigr-
nificance in Chapter 6.

Finally, you will occasionally see a brief mention of the method of select-
ing the sample from the population. For example, Altman, Levine, Howard,
and Hamilton (1997) conducted a telephone survey of the atritudes of the

E17 373 5121
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U.S. adult public towards tobaceo farmers. Tn the Methfld section of their arti-
cle, they explained that their respondents were “randbmly selected from a
nationwide list of telephone numbers” (p, 117). Thus, Rltman et al. specified
both the listing they used for the population (the nagfonwide list of phone
numbers} and the method they used (random selectiof) to obtain their sam.
ple. It is worth noting, however, that in such surveyd the response rate of
those telephoned is usually far from 100%. In this efample, they obtained
inerviews with 47% of those they called. So even thofgh they used random
selection to contact potentiul members of their samplefthe sample itself was
not random. The sample overrepresents whatever chargeteristics make a per-
son available and willing to respond to a telephone surgey.

SUMMARY

The scores on many variables in psychology research afproximately follow a
bell-shaped, symmetrical, unimodal shape called the nfrmal curve. Because
the shape of this curve folJows an exact mathematical f§rmula, there is a spe-
cific percentage of scores between any two points on a formal curve.

Important figures to remember about a normal curge are that 34% of the
scores are between the mean and 1 standard deviationfpbove the mean, and
14% between 1 and 2 standard deviations above the mefln. “

A normal curve table gives the percentage of scorgs between the mean
and any particular positive Z score. Using this table, §nd knowing that the
curve is symmetrical and that S50% of the scores are abdve the meun, you can
determine the percenlage of scores above or below afy particular Z score.
You can also use the table to determine the Z score fofthe point at which a
particular percentage of scores begins.

Most psychology rescarchers consider the probabiflity of an event to be
its expected relative frequency. However, some think pf probability as the
subjective degree of belicf that the event will happen. Jrobability is usually
calculated as the proportion of successful outcomes § total possible out-
comes. It is symbolized by p and has a range from 0 (efent is impossible) to
1 (event is certain). The normal curve gives the probabflities of scores being
within particular ranges of values.

A sample is an individual or group that is studied, usfally as representative
of a larger group, or population, that cannot be examined Jn its entirety, Tdeally,
the sample is selected from a population using a strictly rqhdom procedure. The
mean, variatice, and so forth of a sample are called samplf statistics. When of a
population, they are called population parameters and arefpymbolized by Greek
letters—t. for mean, o? for variance, and o for standard dviation.

Most of the techniques you learn in the rest of this bok make probabilis-
tic inferences to draw conclusions about populations Hhsed on information
from samples. In this process, populations are nsnallyfassumed to be nor-
mally distributed,

There are controversies relating to ¢ach of the majorfopics. One question
is about whether normal distributions are truly typical §f the populations of
scores for the variables we study in psychology. Anotifer debate, raised by
advocates of a “Bayesian™ approach to statistics, is fwhether we should
explicitly construct our statistical procedures to take thg researcher’s initial
subjective expectations into account. Finally, the reprgpentativeness of the
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samples that psychologists use, which are typically not obtained through

strict tandom selection, has been contested—though there are also reasons 1o
think that for the topics most psychologists study, this may not matter very

much.

Research articles rarely discuss normal curves (except briefly when the
distribution at hand seems not to be notmal) or probability (except in the con-
text of significance testing, described beginning in Chapter 6). However, pro-
cedures of sampling, particularly when the study is a survey, are usually
described, and the representativeness of a sample when random sampling

could not be used may be discussed.

Key Terms
expected relative frequency outcome subjective interpetation of
haphazard selection population probability
long-run relative-fréquency population parameters
interpretation of probability ~ probability (p) a
normal curve random selection o
normal curve table sample
normal distribution sample statistics

Practice Problems

These problems involve computation (with the assls-
tance of a calculator). Most real-life statistics problems are
done on a computer, But even if you have a computet, do
these by hand to ingrain the method in your mind.

For practice in using a computer to solve statistical
problems, refer to the computer section of each chapter of
the Student’s Study Guide and Compuier Workbeok that
accompanies this text. )

All data are fictional (unless an actual citation is given).
Answers to Set 1 problems are given at the back of the
book. .

SET!

1. Suppose that the people living in 2 particular city
were found to have a mean score of 40 and a standard
deviation of 5 on a meastte of coneem about the environ-
ment. Assurne that these concern scores are normally dis-
tributed. Approximately what percentage of people have a
score (a) above 40, (b) above 45, (c) above 30, (d) above
35, (¢) below 40, (f) below 45, (g) below 30, and (h) bclow
357 What is the minimum score a person has to have
to be in the top (i) 2%, (j) 16%, (k) 50%, (1) 84%, and
(m) 98%7 (Use the 50%-34%—14% FAgures for this
problem.)

2. A psychologist has been studying eye fatiguc using a
particular measure which she administers to students after
they have worked for 1 hour wriling on a computer. On this

measure, she has foundihat the distribution follows a nor-
mal curve. What perceftage of students has Z scores (a)
below 1.5, (b) above 1.9 (c) below —1.5, (d) above —1.3, (e)
ahove 2.10, (F) below 2§10, (g) above 45, (h) below —1.78,
and (i) above 1.687

3. Assuming a nornfpl curve, (a) if a person is in the top
10% of their couniry of mathematics ability, what is that
person's Z scote? (b) If the person is in the top 1%, what
would be the Z score?

4. Consider 4 test offcoordination that has a normal dis-
wribution, a mean of 5§, and a standard deviation of 10.
How high a score woulgl a person need to be in the top 5%7
Explain your answer fp someone who has never had a
course in statisfcs, '

5. The following nigmbers of individuals in a company
received special assistdhee from the personpel depariment
last year:

Drug/alechol 10 )
Family crisis cpunseling 20
Qther 20

Total 50

If you were to sefpct someone at random. from the
records for last year, wipat is the probability that the person
would be in the (a) dnfe/alechol, (b) family, (¢) diug/alco-
hol or family, (d) any Jategory except “Other,” (¢) any of
the three categories?
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