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Evaluating Results
from Samples

‘:nnuéﬁ

What can you say about a population, based on esilts observed

in a random samplesd

* Are the results you observe in a sample identical to the resuls yon
would abserve from the entire papulation?

* What is the sampling distribution of a statissic?
How is it used to test a hypothesis abour the population?

What factars determine how much sample means vary from sam
ple to sample?

* What is an observed significance level?
o What is the binomial test, and when do you use ie?

In previous chapters, you've answered questions like “Whart percentage
of survey respondents are very satisfied with their jobs?" or “What is the
relationship berween job satisfaction and education?” All you did was
_._.*ﬂnz_wn the results you found in the General Social Survey (GSS). Moth-
ing more.

In this section of the book, you'll begin to look ar the problems you
face when you want to draw conclusions about a larger number of peo-
ple or objects than those actually included in your study, You'll learn

how to draw conclusions about the population based on the resules ob-
served in a sample.

P This chapter uses generated computer dara in the file simul.sav. For

information on how to abtain the binomial test results shown in the
chapter, sce “Binomial Test” on p, 339 in Chapter 17,
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From Sample to Population

I the General Social Survey sample, almost 44% of people employes full
time rated themselves as being very satisfied with their jobs. Unless erroe:
have been made while recording or entering the data, you know this foc
a fact. Similarly, you know exactly how old the people in the sample ace,
how much educarion they have, and so on. You can describe in great de-
tail and with much certainty the results observed in this sample. Unforta-
nately, that's not ceally what's of interest, What you really want to do iz
draw conclusions about the larger group that the people in the GSS rep-
resent, the population,

The participants in the (55 are a sample from the population of adulis
in the United States. Based on the results you observe from the partici-
pants, you want to draw conclusions about all adults in the United Srates.
You want to be able to say, for example, that in the United States, highly
paid workers are more satisfied with their jobs than those paid less.

On first thought, that might not seem too complicated. Why not as-
sume that what's true for the sample is also true for the population? Thar
would certainly be simple. Buc would it always be correct? Do you really
believe thar, since 43.8% of the full-time workers in your sample are very
satisfied with their jobs, that's exactly the percentage of very satisfred
people in the population? Common sense tells you that it's very unlikely
that the results you see in a sample are identical to those you would ob-
tain if you made measurements or inquiries of the entire population of in-
terest, If that were the case, one quick poll before an clection would
eliminate the need to even hold elections.

What's true instead is that different samples give different results, and
it's highly unlikely that any one sample will hit the population results on
the nose, To see what you can conclude about the population based on a
sample, you must consider what results are possible when you select a
sample from a population.

A Computer Model

Although we could use mathematical arguments to derive the propertics
of samples and populations, it's less intimidating and more fun to discov-
er them for yourself. You can use the computer to keep drawing random
samples from the same population and see how much the results change
from sample to sample. This process is known as a computer simulation.
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@ What's a random sample? A random sample gives every member
of the population (animal, vegetable, mineral, or whatever] the
same chance of being included in the sample. Mo particular type of crea-
ture or thing is systematically excluded from the sample, and no particu-
lar type is more likely to be included than any other. Each member is also
selected independently; mncluding one particular member doesn’® alter the
chance of including anorher,

A sample is biased if, for example, rich people have a berrer chance of
being included than poor people, or healthier people are more likely o
be selected than sick people, You can't deaw carrect conclusions abour!,
the popularion based on the results from such a sample. HAH

Ler’s use the computer to solve the following problem. A MNoted Physi-
cizn claims that she has a better treatment for the Disease of Interest,
OF 10 patients who received her new treatment, 70% were cured. Ex-
tensive licerature on the topic indicates thar nationwide, only 30% of
patients with this disease are cured. Based on the results of her experi-

ment, can you tell if the physician has really made inroads into the rreat-
nent of this disease?

Are the Observed Results Unlikely?

To evaluate the physician’s claim, you have to ask yourself the question,
Are the results she observed (7 out of 10 cures) unlikely if the true popu-
lation cure rate is 50%¢ You know that if half of all people with a discase
can be cured, thar deesn’t mean that any time you select 1O patients, ex-
actly 5 will be cured by the treatment, Consider a coin-tossing analogy.
Yo know that if 2 eain is fair, heads and eails are equally likely, If vou
flip a fair coin 10 times, however, you don’t expect to ses exactly 3 heads
every 10 flips. Sometimes you get more heads and sometimes, more tails,
{Tey flipping a coin 10 times and see how many heads—cures—yon ger,
Record your results. Repear this as many dmes as you have the parience
for and then make a stem-and-leaf plot of the resules. You can compare
your resules with these you'll see in this chaprer.)

To evaluace the physician’s claim, instead of spending the afternoon
flipping a coin, you can use the COMPULET fo construet a population in
which half of the patients are cured and half are noe. That's the siruation
if the physician's claim is not true. Then you can have the computer take
a random sample of 10 particns and record che pereentage that are cured.
Hawve it repeat this procedure 500 rimes.
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The reason you're doing this is to see what kind of mmﬁw_n results are
possible if the new treatment i not different from the standard one. You
can then determine whether finding 70% cured in a sample of 10 partients
is an unusual finding when the rrue cure rate is 30%, . . .

4 scem-and-leaf plot of the resulrs of the 500 experiments is shown in

Figuee 2.1,

Figure 9.1  Stem-and-leaf plot of percentage cured for sample
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From this plot, you can tell approsimately how ofien you ...._‘.oc.E expect
ta see various outcomes in samples of size 10, The distribotion of all
possible sample outcomes for a swatiste (such as the peroentapge cured)
is called the sampling diswibution of the statistc.

it Exactly udrat is a statistic anyhore? A statistic is some characteristic
th..m of a sample. The sample mean and variance are both .m.xm.:ﬁ_mm of
statistics. The term parameter is used 1o a..mmﬂmqn the nrm.n.mﬂn:.mznm of nT......
population, For example, the average height of ﬂncm_w inn your mmiﬂ_n is
a staeistic. If you measured the heighes of all people in Hrw population of
interest, that would he called a paramerer of the m._o_E“M_:E._. _umEE_m_.wnm.
are usnally designared (by statisticians, ar least) with mh._.w_wr symbols. For
example, the mean of a population is called p “Hmuu while the mean E..p.
sample is called X . Similarly, the standard n_mem:a: of the m_om_s_m:n_n i
called o {sigma), while the value for a sample is called 5. Most of 1.5.:_59
population values, or parametess, are not known. You must estimate
them based on statistics caleulared from samples. e

The sampling disteibution is usvally caleulated _._._w"_du:mﬁ._nm:d._.... In nr_hm
case, yOU'TE UsiNg a computer to give you some idea of what it loo M.
like. In Figure 9.1, you see that for most samples, the percentage o
cures is close to 50%. In fact, 307 out of the 500 experiments resulted
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in cure rates of 40%, 50%, or 60%. The furcher you move from 50%,
i either divection, the fewer samples you see, Although various our-
comes are possible, the outcames are not equally likely, For example,
only 6 experiments our of 500 resulted in a cure rate of 20% o greater.

You can caleulate descriptive seatistics for the data summarized in
Figure 9.1, These summary statistics are shown in Figure 9.2, The values
range from a minimuem of 10% o 2 maximum of 90%, bur the mean is
very close to 50%. (In fact, for the mathemarically computed sampling
distribution; the mean value is exactly 50%, the mean of the population
from which the samples are being deawn.) The standard deviation of the
percentages, labeled Std. Deviation in Figure 9.2, is 16.22%. The stan-
dard deviation tells you how much the percencage cured varies in sam-
ples of size 10, (The standard deviatian of the distribution of all possible
values of a statistic is called the standard error of the statistic. For exam-

ple, the standard deviation of all possible values of 2 sample mean is
called the standard ervor of the mean.)

Figure 9.2 Descriptive statistics for samples of size 10
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%3 What's the difference betiween a standard deviation and a standard
errorf Standard deviarion refers to the variabilicy of the ohserva-

tions in a sample. The term standard error is used when you are talking
about the variabilicy of 2 statistic. For example, if you have a sample of
10 systolic blood pressures, you can caleulate their mean, variance, and
standard deviation in the usual way. From the standard deviation of the
10 blood pressure measurements, you can also estimate how much aver-
age blood pressures caleulated from samples of 10 peaple vary, That's the
standard error of the mean for samples of chis size. Figure 9.2 containg
descriptive statistics for 500 means for samples of size 10, The standard
deviation of these $00 means is an estimate of the standard ervor of the
mean for samples of size 10, LR Y

Using Figure 9.1 as a guideline, you can estimate whether the physi-
cian’s results are unusual if the true cure rate is 50%. You see that 96
out of 500 simulated experiments {19.2% ) resulted in cure rates of 70%
or mare, That indicates that even il the new trearment is oo better than

the scandard, you would expect to see cure rates at least as large as those
ahserved by the physician almost 1 out of 5 rimes you repeated the ex-
perimenc. {In fact, it is possible to caleulace :Eg.&a..ﬁ.ﬁ;:w that the
_Hd_un._h::q. of obtaining 7 or more cures i a sample of 10 15 close 1o
1 7% when the true cure rate is $0%.)

OF course, it's always possible that the new treatment is really less ef-
fective than the usual treatment, Saif you want o test the hypothesis that
the new treatment is net different from the standard trearment, you must
evaluate the probability of results as extreme as the one ohserved in either
direction—increasing or decreasing the cure rate. You can estimate from
Figure .1 that the probability of 30% or fewer cures and the probabilivy
of 70% or more cures is (96 + 9707500 = 38.0%. i

Based an this, you have lirtle reason to believe that the physician is re-
ally onto somerhing. Her resules are certainly not En_u_.mﬂma.v.n with sam-
ples selected from a population in which the true cure rare is 30%.

Why loak at cure rates of 70% ar more and cure rates af 30% or

less? Consider the following analogy. Your friend gives you a coin
and claims ehat it is not fair That is, heads and tails are not equally likely.
Your friend wants your opinion, What ouwtcomes will make you suspi-
cious of the coin? Obwiously, too many or too few heads (or cails) will
cause you to be suspicious, You have to consider both possibilities if you
don't know whether che coin is biased in favor of heads or tails, On the
ather hand, if you know that the coin would be rigged only in favor of
heads, because that's what the coin's owner always bets on, you can i
nore the possibility of gerting too few heads,

Returning to the Noted Physician example, you are interested in both
possibilities—too few and too many cures. That's becavse it passible
that the new treatment may work worse than the standard, and you want
to know that, If there is a reason why the new treatment can't be worse—
for example, if it involves adding meditation to the standard rreatment—
¥OU can restrich your attention to cure rates at least as large as the one
abserved. EER
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The Effect of Sample Size

As you saw above, when the true cure rate is 50%, there's a good chence
that anywhere from 3 to 7 patients could be cured in a sample of 10. Mose
of the onrcomes that can ocour would nat be considered unusnal, becanse
they could reasonably occur if the true cure rate is 50%. What's more, if
the new treatment results in a cure rate of 60% or 70%, you probably
would not dereer the imfrovemenr, since many sample races that are cam-
patible with true rates of 60 or 70% are also comparible with the 50%
rate. That means that based on a sample of only 10 patients, it's very dif-
ficult to evaluate a new trearment.

Carn you ever tell from a sample of fust 10 parients that 4 new treat-
ment i better? Yes. Since the existence of one lictle green man
could convinee you that there's life on Mars, similazly, 10 cures of a pre-
viously incurable disease could convince you that i%s worth pursning your
treatment. [t all depends on how unlikely your results are, HEm

To see what effect sample size has on your ability to evaluate the phy-
sician's claim, consider what happens if you rake samples of 40 patients,
instead of just 10, from the same population with a cure rate of 50%.
The results of this computer experiment are shown in Figure 9.3, (Note
that each stem in the plot is now divided into cwo rows.) When Fou
compare Figure 8.3 with Figure 9.1, you see that the values are much
closer to 50% than before, Values greater than 60% or less than 40%
arc now noticeably less likely. These rates were not particularly unusual
when you had samples of 10 patients. Based on Fignre 9.3, vou would
estimate your chance of finding a sample rate of 70% or more ar 30%
or less when the troe rate is 50% to be abour 3 in 500, 0.6%. That
means that only asbout 1 in 200 times would such a cure rare occur i
the new treztment doesn’t differ from the standard treatment.

In summary, when you have samples of 40 cases, an observed rare of
7% or more, or 30% or less, is possible, but not very likely when the
true population rate is 50%. If the physician sees the same cure rate of
F0% based on a sample of 40 patients, you would be more likely to be-
lieve that perhaps she's onto something. Her results really would be un-
usual when the true cure rare is 50%.
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waer Just bow wnnswal does “wnusual” need to be? The rule of thumb
S0 that is usually used o characterize results 2s unusual is 2 probe-
bilicy of 5% or less. Thar is, if results as extreme or more extreme than
those observed are expected to occur in § {or fewer) samples out of 100,
the results are considered unusual, or statistically significant, EERn
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Figure 9.3 Stem-and-leaf plot of percentage cured for sample

size 40 i
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Larger samples improve your chances of detecring a difference in the cuee
rates (if in face there is one) because there is less variahilicy in che possible
outeomes, Consider Figure 9.4, which conrains descriprive statistics for
the distribution shown in Figure 9.3 The mean value is again close to
50%. The standard deviation, however, is much smaller than for samples
of size 10, It is now 7.29%, compared to the standard deviation of ¢
16.22% in Figure .2, There's a pattern in the way that sample size af-
feces the variance of the sampling distribution of means. If you increase
the sample size by a factor of four, the variance decreases by a factor of
four. Since the standard deviation is the sguare root of the varfance, it de-
creases by a factor of vwo.

Figure 9.4 Descriptive statistics for samples of size 40
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The Binomial Test

In the previous example, you estimated che probability of various outs
comes of an experiment from a stem-and-leaf plot obtained by repeated
samples from the same population. The reason for doing it this way is 1o
show you that when you take a sample from a population, the value you
caleulare for a statistic such as the mean is one of many possible values
you can obtain, The possible values have a distribution—the sampling
distribution of the staristic. Results vary from sample to sample, and you
must tzke this variability into account when drawing conclusions about
the population based on results observed from a sample.

Formnately, in most situations, you don’t personally need to deter-
mine the possible outcomes and their likelihoods by performing comput-
er experiments, These can be mathemarically calculaced for you by SPSS.
For example, you can use the binomial test 1o determine whether an ob-
served cure rate is unlikely if the teue rate is 50%. Your goal is to compare
your experiment's success rate to a standard or usual rare. You observe
the outcome of interest for a sample of subjects or objecrs,

Ta use the binomial test, your experiment or study must have only two
possible outeomes, such as curedimot cured, passifail, buyinos buy, defec.
tivemot defective, and so on. All of the observations must be independent,
and the probability of success must be the same for cach member of the
sample population,

What do you mean by independent? For observations to be inde-

pendent, one subject’s response can't influence that of another,
For example, if students callaborate an an exam, their scores are not in-
dependent, One student's results influence those of another. If you make
multiple observations on the same subject, the observations are similarly
not independent, Curing the same patient from 10 boues of a disease is
not equivalent to curing 10 patients from 1 bout. The 10 observarions
from a single patient arc not independent. EEn

Figure 2.5 shows the results of the binomial test for the 10-subjece ex-
periment. You see thar there are 10 cases, 7 of which are coded 1, indi-
cating a cure, and 3 of which are coded 0, indicating no cure. The
population value that you wane to test against ((0.5) is labeled Test Prop,
The proportion of successes in the sample, 0.7, is labeled Observed
Prop. The probability of obtaining results as extremie or more extreme
than the enes you observe in your sample, when the true probability of
a core is 0.5, is labeled Exacr Sig. (2-tavled).
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The observed significance level tells you that the probability of obtain-
ing a cure rate of 70% or greater or 30% o less, when the true cure rate
is 50%, is 0.34, (Mote how close this exact probability is to your estmat-
ed probability of 0.386 from Figure 9.1,) Since the observed m.w.ﬁm.nmunu
level is lacger than 0,05, the usual frame of Rg. you don’t _.u“.a
enough evidence to believe that the physician has achieved a cure rate dif-
ferent from 50%. The sample with an observed cure rate of 70% is not
particularly unusual if the true population cure rate is 50%. In fact, more
than 34% of samples from this population are as unusual as the one sam-
ple chat the physician observed.

Figure 9.5 Binomial test: Sample size 10
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The results from the 40-patient experiment are shown in Figure %.6. There
ate now 28 cases with the response of 1, and 12 cases with the response of
), giving the same obscrved proportion of 0.70. The test proporuion 15 un-
changed at 0.50. The observed significance level is 0.018, That means that,
with samples of size 40, you would expect to see samples as ._._._.:_Em_ as the
one observed less than 2% of the time. (Again, this value is reasonably
close to the empirical estimate of 0.6% from Figure 9.3.) If the physician
finds a 70% cuee rate based on 40 patients, you're much more likely to be-
ligve that the physician is doing better than the usual 50%.
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Figure 9.6 Binomial test: Sample size 40
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Would you embrace ber cure based only on these ressdes? Of
course not. A statistical analysis is useless if a study is poorly de-
signed. Here are some important concerns: How were patients selected
for inclusion in her study? Is there something about them thar would
make them more likely to be cured than these in the population at large?
Were there abjective criteria for establishing a cure, or was it a su bjecrive
judgment? Did the evaluator andfor the patient know that a new drug
was being used?

The correct way to conduct an evaluation of a new treatment is to zl-
locate patients randomly to two treatment groups. One receives the stan-
dard trearment, and the other receives the new one. Ideally, neither the
patient nor the physician knows which treatment the parient is receiving,
Evaluation is done, based on well-established criteria, by physicians wha
are unaware of which patients received which trearment. These precau-
tions help to ensure that the resules of che study measure whar thev were
incended to measure. EE@

Summary

What can you say about g population, based on the results ob-

serired, in arandom sample?

 As the m.mzum_n”mmﬁm.m;ﬁnmmmmu. the variability of statistics caleulared”
CFrormithe Sample derredses.” ol AR :
...H._H_u“ D_.u@m?@.u_.uﬁahm._.nhiﬁﬁ level is the probabiliy of _.u_._um_wp.isw a
- sample difference ar least as the large as the vne observed, when:

When you take a mm_.w.ﬁ_w from 4 population, you won't ger the

same results a5 youwould if yon had dara Em”rn._ﬂnmnm .m..:._.k_.ﬂ.mmnr._:..
- The sampling n:.m..nw_.ﬂioa..m&.,m.u,.mm_.ﬁ_.:n ‘ells yon, for a particular
.._m.mETmm size, m_...._m.”__..:...zu_n._uu.m:.m_u:.:.nE of all Hv_umm..__u“n ..Mﬁ:._ﬂ__n values _um.
. that statistic) - R A e T e ;
o From the sampling distribution of a statistic, vou can tell if ob-
served sampl results are unusual under particular clrcumstances

- there s no difference in the population.

A hinomial rest i ised o test nr.w_._.“_.ﬁﬁ_ummy that “.:,.,E.ﬁ._..__n COomes
 froma binomial population with a specified probabilicy of an event

octurring. The variable can Rave only two values.



