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Chapter 1
The Benefits and Risks of Using Statistics

1.1STATISTICS

When you hear the womstatistics,you probably either get an attack of math anxietthmk about lifeless numbers, such as
the population of the city or town where you lias, measured by the latest census, or the per ¢apit@e in Japan. The goal
of this book is to open a whole new world of un¢kmding of the ternstatistics.By the time you finish reading this book, you
will realize that the invention of statistical metts is one of the most important developments afenotimes. These
methods influence everything from life-saving madli@dvances to which television shows remain orathe

The wordstatisticsis actually used to mean two different things. Bleéer known definition is that statistics are nansb
measured for some purpose. A more appropriate, letengefinition is the following:

Statistics is a collection of procedures and pribes for gaining and processing information in arte make decisions when
faced with uncertainty.

Using this definition, you have undoubtedly usetistics in your own life. For example, if you wdeged with a choice of
routes to get to school or work, or to get betweea classroom building and the next, how would gecide which one to
take? You would probably try each of them a nundfd¢imes (thus gaining information) and then chotbeebest one
according to some criterion important to you, sastspeed, fewer red lights, more interesting sgeaed so on. You might
even use different criteria on different days—sastwhen the weather is pleasant versus whendtidmany case, by
sampling the various routes and comparing themwawid have gained and processed useful informatidrelp you make a
decision.

In this book, you will learn ways to intelligentijmprove your own methods for collecting and prooessomplex
information. You will learn how to interpret infoation that others have collected and processedhawdo make decisions
when faced with uncertainty. In Case Study 1.1wilesee how one researcher followed a casual elsen to a fascinating
conclusion.

Case Study 1.1: Heart or Hypothalamus?

Sourck Salk (1973), pp. 26-29.

You can learn a lot about nature by observatioru ¥an learn even more by conducting a carefullyrotied experiment.
This case study has both. It all began when psydigtl Lee Salk noticed that, despite his knowleithge the hypothalamus
plays an important role in emotion, it was the hézat seemed to occupy the thoughts of poets angvaiters. There were
no everyday expressions or song titles such as/d {ou from the bottom of my hypothalamus” or “Mypothalamus longs
for you.” Yet, there was no physiological reasongospecting that the heart should be the centsedf attention. Why had it
always been the designated choice?

Salk began wondering about the role of the heanruman relationships. He also noticed that wheml2eeparate occasions,
he watched a rhesus monkey at the zoo holdingdtey, land she held the baby on the left side, dtw$éer heart, on 40 of
those occasions. He then observed 287 human matiteis 4 days after giving birth and noticed t&a&7, or 83%, held their
babies on the left. Handedness did not explaBBi¥ of the right-handed mothers and 78% of theHaftded mothers
exhibited the left-side preference. When asked thiky chose the left side, the right-handed mothaic it was so their right
hand would be free. The left-handed mothers said# because they could hold the baby better Wil tiominant hand. In
other words, both groups were able to rational@eihg the baby on the left based on their owngmred hand. Salk
wondered if the left side would be favoured whemytag something other than a newborn baby. He doaistudy in which
shoppers were observed leaving a supermarket ngraysingle bag; exactly half of the 438 adultsiedrthe bag on the left.
But when stress was involved, the results wereifit. Patients at a dentist’s office were askdubtd a 5-inch rubber ball
while the dentist worked on their teeth. Substdigtiaore than half held the ball on the left.

Salk speculated that “it is not in the nature dinato provide living organisms with biologicahtéencies unless such
tendencies have survival value.” He surmised thetet must indeed be survival value to having a memwinfant placed close
to the sound of its mother’s heartbeat. To testtbinjecture, Salk designed a study in a baby nuegea New York City
hospital. He arranged for the nursery to have tgiguous sound of a human heartbeat played olmrdspeaker. At the end
of 4 days, he measured how much weight the balai@ghined or lost. Later, with a new group of baliethe nursery, no
sound was played. Weight gains were again measifted4 days. The results confirmed what Salk sttsle Although they
did not eat more than the control group, the irdfdreated to the sound of the heartbeat gained waight (or lost less).
Further, they spent much less time crying. Salkisctusion was that “newborn infants are soothethbysound of the normal
adult heartbeat.” Somehow, mothers intuitively krtbat it is important to hold their babies on tb# fide. What had started
as a simple observation of nature led to a furtinelerstanding of an important biological resporfse mother to her newborn
infant.



1.2 DETECTING PATTERNS AND RELATIONSHIPS

Some differences are obvious to the naked eye, asithe fact that the average man is taller thamterage woman. If we
were content to know only about such obvious refehips, we would not need the power of statistivathods. But had you
noticed that babies who listen to the sound ofatheat gain more weight? Have you ever noticetit#kéng aspirin helps
prevent heart attacks? How about the fact thatlpeame more likely to buy blue jeans in certain therof the year than in
others? The fact that men have lower resting paltes than women do? The fact that listening to aftomproves
performance on the spatial reasoning questions tQaest? All of these are relationships that haeen demonstrated in
studies using proper statistical methods, yet rodribem are obvious to the naked eye. Let's takestmplest of these
examples—one you can test yourself—and see wha#dad to properly demonstrate the relationshipp&sgyou wanted to
verify the claim that, on average, men have lowsting pulse rates than women do. Would it be gefit to measure only
your own pulse rate and that of friend of the ojifeasex? Obviously not. Even if the pair came auhie predicted direction,
the singular measurements would certainly not sfp@a&ll members of each sex. It is not easy tadagha study properly,
but it is easy to understand much of how it shdigdione. We will examine each of the following capts in great detail in
the remainder of this book; here we just introdilngam, using the simple example of comparing matefamale pulse rates.

To conduct a study properly, one must

1. Get a representative sample.
2. Get a large enough sample.
3. Decide whether the study should be an observatidndy ®r an experiment.

1. Get arepresentative sample. Most researchers hope to extend their results ey the participants in their research.
Therefore, it is important that the people or otgée a study be representative of the larger gfougvhich conclusions are to
be drawn. We call those who are actually studisahaple and the larger group from which they were chospaopalation.

(In Chapter 4 we will learn some ways to selectappr sample.) For comparing pulse rates, it magdoeenient to use the
members of your class. But this sample would notdiel if there were something about your class #auld relate pulse

rates and sex, such as if the entire men’s traank teappened to be in the class. It would also beaeptable if you wanted to
extend your results to an age group much diffefremt the distribution of ages in your class. Oftesearchers are constrained
to using such “convenience” samples, and we watdss the implications of this later in the book.

2. Get alarge enough sample. Even experienced researchers often fail to receghiz importance of this concept. In Part 4
of this book, you will learn how to detect the pierh of a sample that is too small; you will alsartethat such a sample can
sometimes lead to erroneous conclusions. In compailse rates, collecting one pulse rate from saglobviously does not
tell us much. Is two enough?

Four? One hundred? The answer to that questiomdspa how muckariability there is among pulse rates. If all men had
pulse rates of 65 and all women had pulse rat&$ ot wouldn’t take long before you recognizediffedence. However, if
men’s pulse rates ranged from 50 to 80 and wonari%®e rates ranged from 52 to 82, it would take yrmanre measurements
to convince you of a difference. The question of’harge is “large enough” is closely tied to howaetise the measurements
are likely to be within each group. The more dieer variable, the individuals within each groth® larger the sample needs
to be to detect a real difference between the group

3. Decide whether the study should be an observational study or an experiment.

For comparing pulse rates, it would be sufficientrteasure or “observe” both the pulse rate andekef the people in our
sample. When we merely observe things about oupksame are conducting abservational study. However, if we were
interested in whether frequent use of aspirin wangilh prevent heart attacks (which has been suggjesta likely
possibility), it would not be sufficient to simpbbserve whether people frequently took aspirintaed whether they had a
heart attack. It could be that people who were ncoreerned with their health were both more likelyake aspirin and less
likely to have a heart attack, or vice versa.

To be able to make a causal connection, we woud tconduct aexperiment in which werandomlyassigned people to
one of two groupsRandom assignments are made by doing something akin to flipping a ¢oidetermine the group
membership for each person. In one group, peopiddame given aspirin and, in the other, they wdaddgiven a dummy pill
that looked like aspirin. So as not to influencegde with our expectations, we would not tell peowhich one they were
taking until the experiment was concluded. In Carely 1.2, we briefly examine such an experimen€hapter 5 we discuss
these ideas in much more detail.

Does Aspirin Prevent Heart Attacks?

In 1988, the Steering Committee of the Physicidtesalth Study Research Group released the resudt$efear experiment
conducted using 22,071 male physicians betweeaghe of 40 and 84. The physicians had been randasslgned to two
groups. One group took an ordinary aspirin tabletrg other day, whereas the other group took acgila,” a pill designed to
look just like an aspirin but with no active ingrets. Neither group knew whether they were takivggactive ingredient. The
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results, shown in Table 1.1, support the concluthantaking aspirin does indeed help reduce #ieai having a heart attack.
The rate of heart attacks in the group taking @aspias only 55% of the rate of heart attacks inglaeebo group, or just
slightly more than half as big. Because the merewandomly assigned to the two conditions, othetofs, such as amount of
exercise, should have been similar for both grotips. only substantial difference in the two groapsuld have been whether
they took the aspirin or the placebo. Thereforecam conclude that taking aspirin caused the |loater of heart attacks for
that group. Notice that, because the participast®wll male physicians, these conclusions magpply to the general
population of men. They may not apply to womenllabecause no women were included in the study.eMecent evidence
has provided even more support for this effect, dmr, something we will examine in more detail inexample in Chapter
25.

Table 1.1: The Effect of Aspirin on Heart Attacks

Condition Heart Attack No Heart Attack Attacks per 1000
Aspirin 104 10,933 9.42
Placebo 189 10,842 17.13

1.3 DON'T BE DECEIVED BY IMPROPER USE OF STATISTICS

Let's look at some examples representative of theskof abuses of statistics you may see in thedan&athe example below,
the statistics have been taken out of their propatext.

Example 1:

When a federal air report ranked the state of New Jersey as 22nd in the nation in its release of toxic chemicals, the New
Jersey Department of Environmental Protection happily took credit (Wang, 1993, p. 170). The statistic was based on a
reliable source, a study by the U.S. Environmental Protection Agency. However, the ranking had been made based on
total pounds released, which was 38.6 million for New Jersey. When this total was turned into pounds per square mile in
the state, New Jersey, it became apparent, was one of the worst—fourth on the list. Because New Jersey is one of the
smallest states by area, the figures were quite misleading until adjusted for size.

Example 2:
An article headlined “New study confirms too much pot impairs brain” read as follows:

More evidence that chronic marijuana smoking impairs mental ability: Researchers at the University of lowa College of
Medicine say a test shows those who smoke seven or more marijuana joints per week had lower math, verbal and
memory scores than non-marijuana users. Scores were particularly reduced when marijuana users held a joint’s smoke

in their lungs for longer periods.— San Francisco Examiner, 13 March 1993, p. D-1.

This research was clearly based on an observattndy because people cannot be randomly assigreither smoke
marijuana or not. The headline is misleading begdumplies that there is a causal connection betwsmoking marijuana
and brain functioning. All we can conclude fromabservational study is that there is a relationshipould be the case that
people who choose to smoke marijuana are thosenshé score lower on the tests anyway.

Example 3:

STUDY: SMOKING MAY LOWER KIDS' IQS
Source: DavigCA)
Enterprise,11 Feb. 1994.

Don't Make Causal Connections from Observationalits

Rochester, N.Y. (AP)—Second-hand smoke has little impact on the intelligence scores of young children, researchers
found. But women who light up while pregnant could be dooming their babies to lower 1Qs, according to a study released
Thursday.

Children ages 3 and 4 whose mothers smoked 10 or more cigarettes a day during pregnancy scored about 9 points lower
on the intelligence tests than the offspring of non-smokers, researchers at Cornell University and the University of
Rochester reported in this month’s Paediatrics journal. That gap narrowed to 4 points against children of non-smokers
when a wide range of interrelated factors were controlled. The study took into account second-hand smoke as well as
diet, education, age, drug use, parents’ IQ, quality of parental care and duration of breast feeding. “It is comparable to the
effects that moderate levels of lead exposure have on children’s IQ scores,” said Charles Henderson, senior research
associate at Cornell's College of Human Ecology in Ithaca.



Read the article above, and then read the heaatljam. Notice that the headline stops short of ngaki causal connection
between smoking during pregnancy and lower IQdildien. Reading the article, you can see thatékealts are based on an
observational study and not an experiment—with geadon: It would clearly be unethical to randoadgign pregnant
women to either smoke or not. With studies like thine best that can be done is to try to measutetatistically adjust for
other factors that might be related to both smokieaviour and children’s 1Q scores. Notice thatmwthe researchers did so,
the gap in 1Q between the children of smokers amdsmokers narrowed from 9 points down to 4 poifitere may be even
more factors that the researchers did not meakatevould account for the remaining 4-point diffeze. Unfortunately, with
an observational study, we simply cannot make daselusions. We will explore this particular exalsin more detail in
Chapter 6.

1.4  SUMMARY AND CONCLUSIONS

In this chapter, we have just begun to examine twtadvantages and the dangers of using statistethods. We have seen
that it is not enough to know the results of a gfstirvey, or experiment. We also need to know Hwge numbers were
collected and who was asked. In the upcoming chspgeu will learn much more about how to colleatl gprocess this kind
of information properly and how to detect problamsvhat others have done. You will learn that atiehship between two
characteristics (such as smoking marijuana andrigvaales) does not necessarily mean that one cthesether, and you will
learn how to determine other plausible explanatibmshort, you will become an educated consumetaifstical information.

Chapter 2
Reading the News

2.1 THE EDUCATED CONSUMER OF DATA

Pick up any newspaper or newsmagazine and yourapstcertain to find a story containing conclusidirased on data.
Should you believe what you read? Not always. teshels on how the data were collected, measuredsiancharized. In this
chapter, we discuss seven critical componentsatifital studies. We examine the kinds of questigou should ask before
you believe what you read. We go into further dethout these issues in subsequent chapters. Tiéngihis chapter is to
give you an overview of how to be a more educatetsemer of the data you encounter in your everyifiay

What Are Data?

In statistical parlancejata is a plural word referring to a collection of number other pieces of information to which
meaning has been attached. For example, the nurhp@rsind 10 are not necessarily data, but thegrbe so when we are
told that these were the weight gains in gram&@d of the infants in Salk’s heartbeat study,wised in Chapter 1. In Case
Study 1.2, the data consisted of two pieces ofmédion measured on each participant: (1) whetiey took aspirin or a
placebo, and (2) whether they had a heart attack.

Don't Always Believe What You Read

When you read the results of a study in the newaspgpu are rarely presented with the actual daeone has usually
summarized the information for you, and he or sl frobably already drawn conclusions and preséhésd to you. Don't
always believe them. The meaning we can attachtm, énd to the resulting conclusions, dependwnviell the
information was acquired and summarized.

In the remaining chapters of Part 1, we look approvays to obtain data. In Part 2, we turn owrdibn to how it should be
summarized. In Part 4, we learn the power as vediha limitations of using the data collected frarsample to make
conclusions about the larger population. In thé oéthis chapter, we address seven features t$tital studies that you
should think about when you read a news article.

You will begin to be able to think critically andafe your own conclusions about what you read.

2.2 HOW TO BE A STATISTICS SLEUTH:

SEVEN CRITICAL COMPONENTS

Reading and interpreting the results of surveysxgeriments is not much different from reading amerpreting the results of
other events of interest, such as sports compeditio criminal investigations. If you are a spdats, then you know what
information should be included in reports of contpmis, and you know when crucial information isssing. If you have ever



been involved in an event that was later repomnetié newspaper, you know that missing informatian lead readers to
erroneous conclusions.

In this section, you are going to learn what infation should be included in news reports of statisstudies. Unfortunately,
crucial information is often missing. With some giree, you can learn to figure out what's missiagwell as how to interpret
what'’s reported. You will no longer be at the meofygomeone else’s conclusions. You will be ablddtermine them
yourself.

To provide structure to our examination of newsréq let’s list Seven Critical Components thaedetine the soundness of
statistical studies. A good news report should jgi®you with information about all of the comporeetitat are relevant to that
study.

Component 1: Thesourceof the research and of thending.

Component 2: Theresearchersvho hadcontactwith the participants.
Component 3: Theindividualsor objects studied and how they weedected.
Component 4: The exact nature of thmeasurementfiade oquestionsasked.
Component 5: Thesettingin which the measurements were taken.
Component 6: Theextraneous differencdsetween groups being compared.
Component 7: Themagnitudeof any claimed effects or differences.

Before delving into some examples, let's examinghemmponent more closely. You will find that mo§the problems with
studies are easy to identify. Listing these comptseimply provides a framework for using your coomsense.

Component 1: The sourceof the research and of the funding

Studies are conducted for three major reasong, wsernments and private companies need to hateeid order to make
wise policy decisions. Information such as unemplegt rates and consumer spending patterns are raddsu this reason.
Second, researchers at universities and othetutestiare paid to ask and answer interesting qunsstibout the world around
us. The curious questioning and experimentatiosuch researchers have resulted in many social calednd scientific
advances. Much of this research is funded by gowem agencies, such as the National InstituteseatH. Third, companies
want to convince consumers that their programspaiaducts work better than the competition, or sgdatterest groups want
to prove that their point of view is held by thejory.

Unfortunately, it is not always easy to discovenvihnded research. Many university researchera@nefunded by private
companies. In her bodkainted Truth(1994), Cynthia Crossen warns us:

Private companies, meanwhile, have found it bottapler and more prestigious to retain academic, govent, or
commercial researchers than to set up in-houseaifmars that some might suspect of fraud. Corporegjditigants, political
candidates, trade associations, lobbyists, spdntalest groups—all can buy research to use as likey(p. 19).

If you discover that a study was funded by an oigggion that would be likely to have a strong prefee for a particular
outcome, it is especially important to be sure twaitect scientific procedures were followed. lhestwords, be sure the
remaining components have sound explanations.

Component 2: Theresearcheravho had contactwith the participants

It is important to know who actually had contacthwthe participants and what message those peopleeged. Participants
often give answers or behave in ways to comply tithdesires of the researchers. Consider, for pkara study done at a
shopping mall to compare a new brand of a certendyct to an old familiar brand. Shoppers are asigdste each brand and
state their preference. It is crucial that bothgkeson presenting the two brands and the resptmberkept entirely blind as
to which is which until after the preferences hheen selected. Any clues might bias the resporidesttoose the old familiar
brand. Or, if the interviewer is clearly eager &vé them choose one brand over the other, themdspis will most likely
oblige in order to please. As another examplegif gliscovered that a study on the prevalenceeagfalldrug use was
conducted by sending uniformed police officers dmadoor, you would probably not have much faitlhia results. We will
discuss other ways in which researchers influemegqgpants in Chapters 4 and 5.

Component 3: Theindividuals or objects studied and how they were selected

It is important to know to whom the results careligended. For example, until recently, many meditadies included men
only, so the results were of little value to womktany studies rely on volunteers recruited throtighnewspaper, who are
usually paid a small amount for their participati®eople who would respond to such recruitmentefimay differ in
relevant ways from those who would not.

Studies relying on voluntary responses are likellge biased because only those who feel stronglytahe issues are likely
to respond.



Component 4: The exact natur e of the measurementsnade or questionsasked

As you will see in Chapter 3, precisely defininglaneasuring most of the things researchers studyeiasy. For example, if
you wanted to measure whether people “eat breakfasty would you do so? What if they just have @i#dWhat if they work
until midmorning and then eat a meal that satidfiesn until dinner? You need to understand exaehigt the various
definitions mean when you read about someone daisedsurements. In polls and surveys, the “measuntsingre usually
answers to specific questions. Both the wordingtaedrdering of the questions can influence answesr example, a
guestion about “street people” would probably eliifferent responses than a question about “f@awivho have no home.”
Ideally, you should be given the exact wording thias used in a survey or poll,

Component 5: The settingin which the measurements wer e taken

The setting in which measurements were taken irddidctors such as when and where they were talcewlhether
respondents were contacted by phone, mail, orrisope A study can be easily biased by timing. F@ngple, opinions on
whether criminals should be locked away for lifeynahange drastically following a highly publicizeturder or kidnapping
case. If a study is conducted by telephone and aadl made only in the evening, certain groupsopfe would be excluded,
such as those who work the evening shift or whaimely eat dinner in restaurants. Where the measemn¢s were taken can
also influence the results. Questions about seaditipics, such as sexual behaviour or income, ntighmore readily
answered over the phone, where respondents feel amanymous. Sometimes research is done in a tabp@ university
office, and the results may not readily extend tatural setting. For example, studies of commuitindbetween two people
are sometimes done by asking them to conduct aecsation in a university office with a tape recergeesent. Such
conditions almost certainly produce more limitediwersation than would occur in a more natural isgtti

Component 6: The extraneous differencebetween groups being compar ed

Often, when groups exhibit a difference in someuieaof interest, researchers try to attributedifference to membership in
the group. For example, if the group of people whmoke marijuana has lower test scores than thepgybpeople who
doesn't, researchers may conclude that the lovetstmres are due to smoking marijuana. Often, hieryether disparities in
the groups can explain the observed differencegsistell. For example, people who smoke marijuaag simply be the type
of people who are less motivated to study and wusgd score lower on tests whether they smokedbarReports of research
should include an explanation of any such extrasdifferences that might account for the results. Will explore the issue
of extraneous factors, and how to control for themrmuch more detail in Chapter 5.

Component 7: The magnitudeof any claimed effects or differences

Media reports about statistical studies oftenttatiell you how large the observed effects werethdlit that knowledge, it is
hard for you to assess whether you think the resu# of any practical importance. For exampldaged on Case Study 1.2,
you were told simply that taking aspirin every attlay reduced the risk of heart attacks, you waowldbe able to determine
whether it would be worthwhile to take aspirin. Yshould instead be told that for the men in thestthe rate was reduced
from about 17 heart attacks per 1000 participaittsont aspirin to about 9.4 heart attacks per 10@0 aspirin. Often news
reports simply report that a treatment had an effethat a difference was observed. We will inigegte this issue in great
detail in Part 4 of this book.

2.3 HYPOTHETICAL EXAMPLES OF BAD REPORTS

Throughout this book, you will see numerous examsplereal studies and news reports. So that yolgedrome practice
finding problems without having to read unnece$géong news articles, let's examine some hypotattieports. These are
admittedly more problematic than many real repbetsause they serve to illustrate several diffieslét once.

Read each article and see if your common sense goiae some reasons why the headline is misleadlimen proceed to read
the commentary about the Seven Critical Components.



Hypothetical News Article 1: “Study Shows Psychojolglajors
Are Smarter Than Chemistry Majors”

A fourth-year psychology student, for her seni@sth, conducted a study to see if
students in her major were smarter than those niragoin chemistry. She handed ot
questionnaires in five advanced psychology claaedgive advanced chemistry labs.
She asked the students who were in class to rebendgrade-point averages
(GPASs) and their majors. Using the data only frdrage who were actually majors
in these fields in each set of classes, she fduaidhe psychology majors had an
average GPA of 3.05, whereas the chemistry majadsam average GPA of only
2.91. The study was conducted last Wednesdayathbedore students went home {o
enjoy Thanksgiving dinner.

Component 1: The sourceof theresearch and of the funding

The study was a senior thesis project conductedl fisychology major. Presumably, it was cheap taanthwas paid for by
the student. One could argue that she would hagason to want the results to come out as theyattlthugh with a properly
conducted study, the motives of the experimenteulshbe minimized. As we shall see, there weretamdil problems with
this study.

Component 2: Theresearcheravho had contactwith the participants

Presumably, only the student conducting the stadlydontact with the respondents. Crucial missifgrimation is whether
she told them the purpose of the study. Even ifditieot tell them, many of the psychology majosyrhave known her and
known what she was doing. Any clues as to desiutdoones on the part of experimenters can biasethdts.

Component 3: Theindividuals or objects studied and how they were selected

The individuals selected are the crux of the pnobihere. The measurements were taken on advancedgbegy and
chemistry students, which would have been finaéfjthad been sampled correctly. However, only thdsewere in the
psychology classes or in the chemistry labs thatvelre actually measured. Less conscientious sta@ea more likely to
leave early before a holiday, but a missed clapsabably easier to make up than a missed lab.eftwer, perhaps a larger
proportion of the students with low grade-pointrages were absent from the psychology classedtianthe chemistry
labs. Due to the missing students, the investigatesults would overestimate the average GPA $ycpology students more
so than for chemistry students.

Component 4: The exact natur e of the measurementsnade or questionsasked

Students were asked to give a “self-report” ofrtigeade-point averages. A more accurate methodduuave been to obtain
this information from the registrar at the universBtudents may not know their exact grade-pomtage. Also, one group
may be more likely to know the exact value thandtier. For example, if many of the chemistry msjoere planning to
apply to medical school in the near future, they tna only too aware of their grades. Further, thadfine implies that GPA
is a measure of intelligence. Finally, the reseastumes that GPA is a standard measure. Pertafpsgis more
competitive in the chemistry department.

Component 5: The settingin which the measurements wer e taken

Notice that the article specifies that the measer@mwere taken on the day before a major holiday.

Unless the university consisted mainly of commuyterany students may have left early for the holidasther aggravating
the problem that the students with lower gradesweore likely to be missing from the psychologyssks than from the
chemistry labs. Further, because students turngteinquestionnaires anonymously, there was prablymo accountability
for incorrect answers.

Component 6: The extraneous differencebetween groups being compared

It is difficult to know what differences might exiwithout knowing more about the particular univigtsFor example, because
psychology is such a popular major, at some unitiessstudents are required to have a certain GEférb they are admitted
to the major. A university with a separate premaldicajor might have the best of the science stisdemtolled in that major
instead of chemistry. Those kinds of extraneoutofaavould be relevant to interpreting the resoftthe study.

Component 7: The magnitudeof any claimed effects or differences

The news report does present this information. #alel useful information would be to know how mastydents were
included in each of the averages given, what péagenof all students in each major were represantdte sample, and how
much variation there was among GPAs within eadhetwo groups.



Hypothetical News Article 3: “Researchers Find Drug Cure

Excessive Barking in Dogs”
Barking dogs can be a real problem, as anyone vasbeen kept wake at night by the
barking of a neighbour’s canine companion will knoResearchers at a local
university have tested a new drug that they hoflgoui all concerned to rest. Twenty
dog owners responded to a newspaper article askingolunteers with problem
barking dogs to participate in a study. The dogsawandomly assigned to two
groups. One group of dogs was given the drug, aidteired as a shot, and the other
dogs were not. Both groups were kept overnight@trésearch facility and frequency
of barking was observed. The researchers delibbratied to provoke the dogs into
barking by doing things like ringing the doorbellthe facility and having a mail
carrier walk up to the door. The two groups weated on separate weekends
because the facility was only large enough to ltefddogs. The researchers left a
tape recorder running and measured the amounteé tluring which any barking
was heard. The dogs who had been given the drug spé half as much time
barking as did the dogs in the control group.

Component 1: The sourceof the research and of the funding

We are not told why this study was conducted. Rnedly it was because the researchers were intdresteslping to solve a
societal problem, but perhaps not. It is not uncemifior drug companies to fund research to testapreduct or a new use
for a current product. If that were the case, #esmarchers would have added incentive for theteesutome out favourable to
the drug. If everything were done correctly, suphireentive wouldn’t be a major factor; however,enhresearch is funded by
a private source, that information should be annedrwhen the results are announced.

Component 2: Theresearcheravho had contactwith the participants

We are not given any information about who actuaig contact with the dogs. One important questiavhether the same
handlers were used with both groups of dogs. If thet difference in handlers could explain the ftes&urther, we are not
told whether the dogs were primarily left alonen@re attended most of the time. If researchers wergent most of the time,
their behaviour toward the dogs could have had jammapact on the amount of barking.

Component 3: Theindividuals or objects studied and how they were selected

We are told that the study used dogs whose owrmdusiteered them as problem dogs for the study.oiigih the report does
not mention payment, it is quite common for volngeto receive monetary compensation for theiigpétion. The
volunteers presumably lived in the area of the ersity. The dog owners had to be willing to be safeal from their pets for
the weekend. These and other factors mean thawthers and dogs who participated may differ fromdkneral population.
Further, the initial reasons for the problem bebarvimay vary from one participant to the next, thetdogs were measured
together. Therefore, there is no way to ascerfafori example, dogs who bark only because theyarely would be helped.
In any case, we cannot extend the results of thiyygo conclude that the drug would work similasly all dogs or even on all
problem dogs. Because the dogs were randomly a&ssigrthe two groups—and if there were no othebleros—we would
be able to extend the results to all dogs simidahbse who participated.

Component 4: The exact nature of the measurementsnade or questionsasked

The researchers measured each group of dogs as@ gy listening to a tape and recording the arhofitime during which
there was any barking. Because dogs are quite mesoto group behaviour, one barking dog couldhstvhole group
barking for a long time. Therefore, just one paiicly obnoxious dog in the control group aloneldaxplain the results. It
would have been better to separate the dogs ansunee@ach one individually.

Component 5: The settingin which the measurements wer e taken

The groups were measured on separate weekendré€htes another problem. First, the researchenw kvhich group was
which, and may have unconsciously provoked therobgtoup slightly more than the group receiving tirug. Further,
conditions differed over the 2 weeks. Perhaps & stmny one weekend and raining the next, or twere other subtle
differences, such as more traffic one weekend thamext, small planes overhead, and so on. Ahede could change the
behaviour of the dogs but might go unnoticed oeported by the experimenters. The measurementsalsreéaken outside
of the dogs’ natural environments. The dogs inetkgerimental group in particular would have reasobe upset because
they were first given a shot and then put toget¥idr nine other dogs in the research facility. tuld have been better to put
them back into their natural environment becauagghvhere the problem barking was known to occur.

Component 6: The extraneous differencebetween groups being compar ed

The dogs were randomly assigned to the two graubigh should have minimized overall differencesiire, temperament,
and so on. However, differences were induced betwheetwo groups by the way the experiment was goted. Recall that
the two groups were measured on different weekerldis-eould have created the difference in behavialso, the treated
dogs were given a shot to administer the drug, @dsethe control group was given no shot. It coeldhat the very act of



getting a shot made the drug group lethargic. Aebetesign would have been to administer a plasbbb—that is, a shot
with an inert substance—to the control group.

Component 7: The magnitudeof any claimed effects or differences

We are told only that the treated group barked d&mlinuch as the control group. We are not told lnmeh time either group
spent barking. If one group barked 8 hours a dayHmuother group only 4 hours a day, that woultb®oa satisfactory
solution to the problem of barking dogs.

2.4 PLANNING YOUR OWN STUDY:
DEFINING THE COMPONENTS IN ADVANCE

Although you may never have to design your own eyir experiment, it will help you understand hafficllt it can be if
we illustrate the Seven Critical Components foeey\simple hypothetical study you might want to @ect. Suppose you are
interested in determining which of three local sumprkets has the best prices so you can decidesvtheshop. Because you
obviously can’t record and summarize the pricesafbavailable items, you would have to use someafcsample. To obtain
meaningful data, you would need to make many datssiSome of the Components need to be rewordedibethey are
being answered in advance of the study, and oblyiows all of the Components are relevant for 8imple example.
However, by going through them for such a simpkecgou can see how many ambiguities and decisammarise when
designing a study.

Component 1: The sourceof theresearch and of the funding

Presumably you would be funding the study yoursrlf,before you start you need to decide why yeudaing the study. Are
you only interested in items you routinely buyaoe you interested in comparing the stores on thiétade of possible
items?

Component 2: Theresearcheravho had contactwith the participants

In this example, the question would be who is gdgisit the stores and record the prices.

Will you personally visit each store and record phiees? Will you send friends to two of the stomed visit the third
yourself? If you use other people, you would neetidin them so there would be no ambiguities.

Component 3: Theindividuals or objects studied and how they were selected

In this case, the “objects studied” are items @dhocery store. The correct question is, “On viteshs should prices be
recorded?” Do you want to use exactly the samesitehall stores? What if one store offers its owant but another only
offers name brands? Do you want to choose a repedsee sampling of items you are likely to buyotioose from all
possible items? Do you want to include non-footh#2 How many items should you include? How should ghoose which
ones to select? If you are simply trying to minienimour own shopping bill, it is probably best tt ihe 20 or 30 items you
buy most often. However, if you are interestedharsg your results with others, you might prefechoose a representative
sample of items from a long list of possibilities.

Component 4: The exact natur e of the measurementsnade or questionsasked

You may think that the cost of an item in a supekmgis a well-defined measurement. But if a sterdeaving a sale on a
particular item on your list, should you use thie gaice or the regular price? Should you use timepf the smallest possible
size of the product? The largest? What if a stwags has a sale on one brand or another of songgtbiich as laundry soap,
and you don't really care which brand you buy? $thgou then record the price of the brand on da¢ week? Should you
record the prices listed on the shelves or actymlighase the items and see if the prices listed aecurate?

Component 5: The settingin which the measurements wer e taken

When will you conduct the study? Supermarkets ifremity towns may offer sale prices on items tgflicbought by
students at certain times of the year—for exanjpit,after students have returned from vacatiomysores also offer sale
items related to certain holidays, such as hamréey just before Christmas or eggs just beforedtaShould you take that
kind of timing into account?

Component 6: The extraneous differencebetween groups being compared

There should be no extraneous differences relatétetdirect costs of the items. However, if yousveonducting the study in
order to minimize your shopping costs, you miglktiashere are hidden costs for shopping at oneestersus another. For
example, do you always have to wait in line at stoage and not at another, and should you thergfatra value on your time?
Does one store make mistakes at the cash registeraften than another? Does one store chargeharhige to use your cash
card for payment? Does it cost more to drive to stnee than another?

Component 7: The magnitudeof any claimed effects or differences

This component should enter into your decision abdiere to shop after you have finished the stien if you find that
one store costs less than another, the magnitutte afifference may not convince you to shop th¥oal would probably
want to figure out approximately how much shopgimg particular store would save you over the cewfsa year. You can
see why knowing the amount of a difference found study is an important component for using thadysto make future
decisions.
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Chapter 3

Measurements, Mistakes,
And Misunderstandings

3.1 SIMPLE MEASURES DON'T EXIST

In the last chapter, we listed seven critical congris that need to be considered when someone adsralgtudy. You saw
that many decisions need to be made and many pdtprablems can arise when you try to use datngwer a question.
One of the hardest decisions is contained in Compiofi—that is, in deciding exactly what to measurerhat questions to
ask. In this chapter, we focus on problems withinile) measurements and on the subsequent misuaddnsgs and mistakes
that can result. When you read the results of @ysitiis important that you understand exactly hbeinformation was
collected and what was measured or asked. Corsideething as apparently simple as trying to meage own height.

Try it a few times and see if you get the measurgrewithin a quarter of an inch from one timehe next. Now imagine
trying to measure something much more complex, sgdine amount of fat in someone’s diet or the ekegf happiness in
someone’s life. Researchers routinely attempt tasuee these kinds of factors.

3.2IT'S ALL IN THE WORDING

You may be surprised at how much answers to questian change based on simple changes in worderg. islone
example. Loftus and Palmer (1974; quoted in Pl2883, p. 32) showed college students films of anraabile accident,
after which they asked them a series of questiOns. group was asked the question: “About how fasewhe cars going
when they contacted each other?” The average respaas 31.8 miles per hour. Another group was askdxabut how fast
were the cars going when they collided with eatle®” In that group, the average response wasmile8 per hour. Simply
changing from the wordontactedo the wordcollidedincreased the estimates of speed by 9 miles per bpd8%, even
though the respondents had witnessed the same film.

Many pitfalls can be encountered when asking gomestin a
survey or experiment.
Here are some of them; each will be discussedrim tu

1. Deliberate bias

2. Unintentional bias

3. Desire to please

4. Asking the uninformed

5. Unnecessary complexity

6. Ordering of questions

7. Confidentiality and anonymity

Deliberate Bias

Sometimes, if a survey is being conducted to suppoertain cause, questions are deliberately vibirda biased manner. Be
careful about survey questions that begin with pésdike “Do you agree that. . . .” Most people intarbe agreeable and will
be inclined to answer yes unless they have streelinfys the other way. For example, suppose arabntition group and a
pro-choice group each wanted to conduct

a survey in which they would find the best possddeecement with their position. Here are two qoestithat would each
produce an estimate of the proportion of people thinck abortion should be completely illegal. Eaglestion is almost
certain to produce a different estimate: 1. Do ggtee that abortion, the murder of innocent beislgsuld be outlawed? 2.
Do you agree that there are circumstances undeshvetiiortion should be legal, to protect the rigtitdhe mother?
Appropriate wording should not indicate a desiresvéer. For instance, a Gallup Poll conducted ire 1898 contained the
guestion “Do you think it was a good thing or a lilsidg that the atomic bomb was developed?” Natiet the question does
not indicate which answer is preferable. In fack6df the respondents said “bad,” whereas 36% smdd” and 3% were
undecided.
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Unintentional Bias

Sometimes questions are worded in such a wayhkaneaning is misinterpreted by a large perceraétiee respondents. For
example, if you were to ask people whether theydusgs, you would need to specify if you mean mipton drugs, illegal
drugs, over-the-counter drugs, or common substaswdsas caffeine. If you were to ask people talféise most important
date in their life, you would need to clarify if yaneant the most important calendar date or the i rtant social
engagement with a potential partner. (It is uniikblat anyone would mistake the question as bdwogtethe shrivelled fruit,
but you can see that the same word can have nauftipiinings.)

Desire to Please

Most survey respondents have a desire to pleageetisen who is asking the question. They tend ttetsiate their responses
about undesirable social habits and opinions, &&lwersa. For example, in recent years estimdtd®grevalence of
cigarette smoking based on surveys do not matdethased on cigarette sales. Either people ateeitg completely truthful
or lots of cigarettes are ending up in the garbage.

Asking the Uninformed

People do not like to admit that they don’t knowatvkiiou are talking about when you ask them a ques@rossen (1994, p.
24) gives an example: “When the American Jewish @dtae studied Americans’ attitudes toward varietimic groups,
almost 30% of the respondents had an opinion abeuictional Wisians, rating them in social starglabove a half-dozen
other real groups, including Mexicans, Vietnamesel African blacks.” Political pollsters, who amerested in surveying
only those who will actually vote, learned long dbat it is useless to simply ask people if theanpio vote. Most of them will
say yes. Instead, they ask questions to establigt@ry of voting, such as “Where did you go tdevim the last election?”

Unnecessary Complexity

If questions are to be understood, they must bediaple. A question such as “Shouldn’t former ddaglers not be allowed
to work in hospitals after they are released fraieqm?” is sure to lead to confusion. Does a yessven mean they should or
they shouldn't be allowed to work in hospitalswiuld take a few readings to figure that out. Amottvay in which a
guestion can be unnecessarily complex is to agtagk more than one question at once. An examplgdime a question such
as, “Do you support the president’s health cara pkcause it would ensure that all Americans reckealth coverage?” If
you agree with the idea that all Americans shoatbive health coverage, but disagree with the naheaiof the plan, do you
answer yes or no? Or what if you support the Peesidl plan, but not for that reason?

Ordering of Questions

If one question requires respondents to think aboutething that they may not have otherwise consitjehen the order in
which questions are presented can change theseBuoltexample, suppose a survey were to ask, ‘fai extent do you think
teenagers today worry about peer pressure relatédriking alcohol?” and then ask, “Name the tofe fpressures you think
face teenagers today.” It is quite likely that i@sgents would use the idea they had just been gimdmame peer pressure
related to drinking alcohol as one of the five clesi

Confidentiality and Anonymity

People sometimes answer questions differently basdtde degree to which they believe they are ammug. Because
researchers often need to perform follow-up suryigys easier to try to ensure confidentialityrtheue anonymity. In
ensuring confidentiality, the researcher promisgsa release identifying information about respemts. In a truly
anonymous survey, the researcher does not knoudéhéty of the respondents. Questions on issuels as sexual behaviour
and income are particularly difficult because peaginsider those to be private matters. A variétgchniques have been
developed to help ensure confidentiality, but sysven such issues are hard to conduct accurately.

3.3 OPEN OR CLOSED QUESTIONS:

SHOULD CHOICES BE GIVEN?

An open question is one in which respondents are allowed to answérdir own words, whereaschosed question is one in
which they are given a list of alternatives fromiethto choose their answer. Usually the latter foffers a choice of “other,”
in which the respondent is allowed to fill in thieutk.

Problems with Closed Questions

To show the limitation of closed questions, Schuimath Scott (22 May 1987) asked about “the most iapo problem
facing this country today.” Half of the sample, J3dople, were given this as an open question. Td& acommon responses
were
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Unemployment (17%)
General economic problems (17%)
Threat of nuclear war (12%)
Foreign affairs (10%)

In other words, one of these four choices was \ekned by over half of the respondents.
The other half of the sample was given this amaed question. Following is the list of choices thelpercentage of
respondents who chose them:

The energy shortage (5.6%)

The quality of public schools (32.0%)

Legalized abortion (8.4%)

Pollution (14.0%)
These four choices combined were mentioned by ®Al% of respondents in the open-question surveythgy were selected
by 60% when they were the only specific choiceggivurther, respondents in this closed-questioreguvere given an
open choice. In addition to the list of four, thegre told: “If you prefer, you may name a differpnbblem as most
important.” On the basis of the closed-form questaire, policymakers would have been seriouslyedislbout what is
important to the public. It is possible to avoidstkind of astounding discrepancy. If closed questiare preferred, they first
should be presented as open questions to a tepteshafore the real survey is conducted. Then thst rommon responses
should be included in the list of choices for thesed question. This kind of exercise is usuallgalas part of what's called a
“pilot survey,” in which various aspects of a studbsign can be tried before it's too late to chathgen.

Problems with Open Questions

The biggest problem with open questions is thatéiselts can be difficult to summarize. If a suriggludes thousands of
respondents, it can be a major chore to categthrgieresponses. Another problem, found by SchuamhScott (22 May
1987), is that the wording of the question mighintemtionally exclude answers that would have begrealing had they been
included in a list of choices (such as in a clogeestion). To test this, they asked 347 people#orie one or two of the most
important national or world event(s) or change(gjry the past 50 years.” The most common choindglae percentage who
mentioned them were

World War 1l (14.1%)

Assassination of John F. Kennedy (4.6%)

The Vietnam War (10.1%)

Don't know (10.6%)

All other responses (53.7%)
The same question was then repeated in closedtoanmew group of 354 people. Five choices werermithe first four
choices in the preceding list plus “invention of dtomputer.” Of the 354 respondents, the percembtf®mse who selected
each choice was:

World War 1l (22.9%)

Exploration of space (15.8%)
Assassination of John F. Kennedy (11.6%)
The Vietnam War (14.1%)

Invention of the computer (29.9%)

Don't know (0.3%)

All other responses (5.4%)

The most frequent response was “invention of thmpater,” which had been mentioned by only 1.4%espondents in the
open question. Clearly the wording of the questiahrespondents to focus on “events” rather thémafiges,” and the
invention of the computer did not readily come tman When it was presented as an option, howeesple realized that it
was indeed one of the most important events orggmduring the past 50 years. In summary, theradwantages and
disadvantages to both approaches. One compromisesk a small test sample to list the first seivanswers that come to
mind, and then use the most common of those ingedtquestion survey. These choices could be suppked with
additional answers such as “invention of the computvhich may not readily come to mind. Rememlibat,tas the reader,
you have an important role in interpreting the hssiyou should always be informed as to whethearstjons were asked in
open or closed form, and if the latter, you shdaddold what the choices were. You should alsoliewhether “don’t know”
or “no opinion” was offered as a choice in eithase.
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3.4 DEFINING WHAT IS BEING MEASURED

THE UNEMPLOYED

Ask people whether they know anyone who is unemployed; they will invariably say yes. But most people don't realize that
in order to be officially unemployed, and included in the unemployment statistics given by the U.S. government, you must
meet very stringent criteria. These criteria exclude “discouraged workers” who are “identified as persons who, though not
working or seeking work, have a current desire for a job, have looked for one within the past year [but not within the past
four weeks], and are currently available for work” (U.S. Dept. of Labour, September 1992, p. 10). If you know someone
who fits that definition, you would undoubtedly think of that person as unemployed. However, he or she would not be
included in the official statistics. You can see that the true number of people who are not working is higher than
government statistics would lead you to believe. _

This example illustrates that when you read abadsurements taken by someone else, you shoulditoohatically assume
you are speaking a common language. A preciseitlefirof what is meant by “adolescent sexuality*onemployment”
should be provided.

Some Concepts Are Hard to Define Precisely

Sometimes it is not the language but the concself ithat is ill-defined. For example, there idl stdt universal agreement on
what should be measured with intelligence, or 83ts. The tests were originated at the beginningeo20th century in order
to determine the mental level of school childrehe Thtelligence quotient (1Q) of a child was foumgdividing the child’s
“mental level” by his or her chronological age. Theental level” was determined by comparing thddtkiperformance on
the test with that of a large group of “normal”ldnén, to find the age group the individual's perfiance matched. Thus, if an
8-year-old child performed as well on the test asoamal” group of 10-year-old children, he or skeuld have an 1Q of 100
[{10/8) = 125.

IQ tests have been expanded and refined sinceathedays, but they continue to be surrounded rosersy. One reason is
that it is very difficult to define what is meant mtelligence. It is difficult to measure somethiii you can’t even agree on
what it is you are trying to measure. If you areetiasted in knowing more about these tests andutieunding controversies,
you can find numerous books on the subject. AnaatasUrbina (1997) provide a detailed discussiba large variety of
psychological tests, including 1Q tests.

Measuring Attitudes and Emotions

Similar problems exist with trying to measure atl##s and emotions such as self-esteem and happiiesmost common
method for trying to measure such things is to lragpondents read statements and determine that éxtwhich they agree
with the statement. For example, a test for meagurappiness might ask respondents to indicate lthadl of agreement,
from “strongly disagree” to “strongly agree,” wiskatements such as “I generally feel optimistic mvhget up in the
morning.” To produce agreement on what is mearntHayacteristics such as “introversion,” psycholtgisve developed
standardized tests that claim to measure thosbuaés.

3.5 DEFINING A COMMON LANGUAGE

So that we're all speaking a common language f®rdist of this book, we need to define some tewescan perform
different manipulations on different types of data,we need a common understanding of what thgess tgre. Other terms
defined in this section are those that are wellvkmn everyday usage but that have a slightly déffé technical meaning.

Categorical versus Measurement Variables

Thus far in this book, we have seen examples osor@ag opinions (such as what you think is the nmogtortant problem
facing society), numerical information (such asgieigain in infants), and attributes that can hetformed into numerical
information (such as IQ). To understand what wedmmwith these measurements, we need definitiodsstinguish
numerical measures from qualitative ones. Althosigtisticians make numerous fine distinctions antypgs of
measurements, for our purposes it will be sufficterdistinguish between just two main types: categl variables and
measurement variables.

Categorical Variables

Categorical variables are those we can place into a category but thatrmoafiave any logical ordering. For example, you
could be categorized as male or female. You cdsla lze categorized based on what you name as theimportant problem
facing society. Notice that we are limited in how san manipulate this kind of information numelicaFor example, we
cannot talk about the average problem facing spaiethe same way as we can talk about the avexagght gain of infants
during the first few days of life.
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Measurement Variables

M easur ement variables are those for which we can record a numerical vahgthen order respondents according to those
values. For example, 1Q is a measurement varisdadse it can be expressed as a single numbe An130 is higher than
an IQ of 100. Age, height, and number of cigarestesked per day are other examples of measureragabies. Notice that
these can be worked with numerically. Of course aticmmumerical summaries will make sense even widasurement
variables. For example, if one person in your fgreihokes 20 cigarettes a day and the remaining thiemmbers smoke none,
it is accurate but misleading to say that the ayermmber of cigarettes smoked by your family @srid 5 per person. We
will learn about reasonable numerical summarieShapter 7.

Continuous versus Discrete Measurement Variables

Even when we can measure something with a numizemay need to distinguish further whether it cainofaa continuum.

A discretevariableis one for which you could actually count the pblsiesponses. For example, if we measure the numbe
of automobile accidents on a certain stretch olfilviy, the answer could be zero, one, two, threg saron. It could not be 2
1/2 or 3.8. Conversely,@ntinuous variable can be anything within a given interval. Age, faample, falls on a continuum.
Something of a grey area exists between theseitilgfis. For example, if we measure age to the rs¢gemar, it may seem as
though it should be called a discrete variable.tBatreal difference is conceptual. With a discretéable you can count the
possible responses without having to round off helitontinuous variable you can’t. In case youcargused by this, note
that long ago you probably figured out the differedetween the phrases “the number of’ and “theuainof.” You wouldn'’t
say, “the amount of cigarettes smoked,” nor wowdd gay, “the number of water consumed.” Discretéabtes are analogous
to numbers of things, and continuous variablesasasdogous to amounts. You still need to be caadfout wording, however,
because we have a tendency to express continucablesa in discrete units. Although you wouldn'yys&he number of

water consumed,” you might say, “the number of ggasof water consumed.” That's why it's t@nceptof number versus
amount that you need to think about.

Validity, Reliability, Bias, and Variability

The words we define in this section are commongdus the English language, but they also haveipéefinitions when
applied to measurements. Although these definitiarsclose to the general usage of the words,dm aonfusion we will
spell them out.

Validity

When you talk about something beiajid, you generally mean that it makes sense to yos;sound and defensible. The
same can be said for a measurementalfd measur ement is one that actually measures what it claims tosuea Thus, if
you tried to measure happiness with an IQ test,would not get a valid measure of happiness.

A more realistic example would be trying to detarenihe selling price of a home. Getting a valid sseament of the actual
sales price of a home is tricky because the puecbfien involves bargaining on what items are téeftebehind by the old
owners, what repairs will be made before the haiseld, and so on. These items can change thedetgales price by
thousands of dollars. If we were to define thellisglprice” as the price recorded in public recoiitisnay not actually reflect
the price the buyer and seller had agreed wasukentorth of the home.

To determine whether a measurement is valid, yed te know exactly what was measured. For exampdey readers, once
they are informed of the definition, do not thitletunemployment figures provided by the U.S. govennt are a valid
measure of unemployment, as the term is generatlgrstood. Remember that the figures do not incldideouraged
workers.” However, the government statistics avalal measure of the percentage of the “civilidoolar force” that is
currently “unemployed,” according to the precisérdgons supplied by the Bureau of Labour StatistiThe problem is that
most people do not understand exactly what the govent has measured.

Reliability

When we say something or someoneel&@ble, we mean that that thing or person can be depengled time after time. A
reliable car is one that will start every time ay&d us where we are going without worry. A reliaflend is one who is
always there for us, not one who is sometimes tmy o bother with us. Similarly,raliable measurement is one that will
give you or anyone else approximately the samdtrisie after time, when taken on the same objedtdividual. For
example, a reliable way to define the selling pdta home would be the officially recorded amodititis may not be valid,
but it would give us a consistent figure withouy ambiguity.

Reliability is a useful concept in psychologicatlaptitude testing. An IQ test is obviously not imwse if it measures the
same person’s IQ to be 80 one time and 130 the Wéxether we agree that the test is measuring whatally mean by
“intelligence” (that is, whether it is really va)idt should at least be reliable enough to givapsroximately the same number
each time. Commonly used 1Q tests are fairly rédiaBbout two-thirds of the time, taking the testexond time gives a
reading within 2 or 3 points of the first test, antbst of the time, it gives a reading within abbytoints.

The most reliable measurements are physical okes taith a precise measuring instrument. For exanipls much easier to
get a reliable measurement of height than of haggsinassuming you have an accurate tape measure.
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However, you should be cautious of measuremenengnith greater precision than you think the meaguiool would be
capable of providing. The degree of precision pbbpaxceeds the reliability of the measurement. &@mple, if your friend
measures the width of a swimming pool with a raled reports that it is 15.771 feet wide, which559.1/4", you should be
suspicious. It would be very difficult to measurdistance that large reliably with a 12-inch ruksrsecond measuring attempt
would undoubtedly give a different number.

Bias

A systematic prejudice in one direction is calldnias. Similarly, a measurement that is systematicallytiodéf mark in the
same direction is calledtaased measurement. If you were trying to weigh yourself with a scalhat was not satisfactorily
adjusted at the factory, and was always a few ppunder, you would get a biased view of your owighie When we used
the term earlier in discussing the wording of quest, we noted that either intentional or unintemdl bias could enter into
the responses of a poorly worded survey questioticélthat a biased measurement differs from aaliaivie measurement
because it is consistently off the mark in the sdimection.

Variability

If someone hasariable moods, we mean that that person has unpredicteiigsin mood. When we say the weather is quite
variable, we mean it changes without any consigiatiern. Most measurements are prone to somealefvariability. By
that, we mean that they include unpredictable sroodiscrepancies that are not readily explaitfgehu tried to measure
your height as instructed at the beginning of thiapter, you probably found some unexplainableabdity from one time to
the next. If you tried to measure the length dadlale by laying a ruler end to end, you would undedly get a slightly
different answer each time.

Unlike the other terms we have defined, which a®duto characterize a single measurement, vatialsila concept used
when we talk about two or more measurements itioeléo each other. Sometimes two measurementsherguse the
measuring device produces unreliable results—famgte, when we try to measure a large distanceavitimall ruler. Other
times variability results from changes in the systeeing measured. For example, even with a vergiggeneasuring device
your recorded blood pressure will differ from onement to the next.

Natural Variability

A related concept that ofatural variability, is crucial to understanding modern statistical mdgh When we measure the
same quantity across several individuals, suchasveight gain of newborn babies, we are bounctegme variability.
Although some of this may be due to our measurmistriiment, most of it is simply due to the fact #neryone is different.
Variability is simply inherent in nature. Babie$ gdin weight at their own pace. If we want to cargthe weight gain of a
group of babies who have consistently listenedheartbeat to the weight gain of a group of bahdes have not, we first
need to know how much variability to expect dueatural causes.

We encountered the idea of natural variability whwendiscussed comparing resting pulse rates ofandrwomen in Chapter
1. If there were no variability within each sexwibuld be easy to detect a difference between nzaddfemales. The more
variability there is within each group, the mor#idult it is to detect a difference between groups

In Part 4, we will learn how to sort out differesadue to natural variability from differences doddatures we can define,
measure, and possibly manipulate, such as amowaitcdonsumed or time spent exercising. In thig, wee can study the
effects of diet or medical treatments on diseakagwertising campaigns on consumer choices, afcéseeon weight loss, and
so on. This one basic idea, comparing natural bdit\ato the variability induced by different beliaurs, interventions, or
group memberships, forms the heart of modern &tatidt has allowed Salk to conclude that heatthaee soothing to infants
and the medical community to conclude that aspielps prevent heart attacks. We will see numerther @onclusions based
on this idea throughout this book.

Chapter 4
How to Get a Good Sample

4.1 COMMON RESEARCH STRATEGIES

In Chapters 1 to 3, we discussed scientific stuidiggeneral, without differentiating them by type this chapter and the next,
we are going to look at proper ways to conduct iipagpes of studies. When you read the resulta s€ientific study, the
first thing you need to do is determine which reskeatrategy was used. You can then see whethestdhe study used the
proper methods for that strategy. In this chapterthe next, you will learn about potential diffites and outright disasters
that can befall each type of study, as well as sprimeiples for executing them correctly. First;/deexamine the common
types of research strategies.

Sample Surveys
You are probably quite familiar with sample survestsleast in the form of political and opinion Isoln asample survey, a
subgroup of a large population is questioned ogt ®@fstopics. The results from the subgroup arel aseif they were
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representative of the larger population, which tivlybe if the sample was chosen correctly. Thieneo intervention or
manipulation of the respondents in this type oéagsh, they are simply asked to answer some qusstide examine sample
surveys in more depth later in this chapter.

Experiments

An experiment measures the effect of manipulating the environrireabme way. For example, the manipulation majuihe
receiving a drug or medical treatment, going thioadraining program, agreeing to a special died, 0 on. Most
experiments on humans use volunteers because pidar@e someone to accept a manipulation. You timeasure the result
of the feature being manipulated, called ¢kplanatory variable, on an outcome, called tlvaitcome variable. Examples of
outcome variables are cholesterol level (aftemgld new drug), amount learned (after a new trgipitmgram), or weight loss
(after a special diet).

As an example, recall Case Study 1.2, an experithahinvestigated the relationship between aspinith heart attacks. The
explanatory variable, manipulated by the reseas;hveais whether a participant took aspirin or agihac The variable was
then used to help explain the outcome variableckvhias whether a participant had a heart attackobrNotice that the
explanatory and outcome variables are both categjdri this case, with two categories each (asipi@cebo and heart attack/
no heart attack).

Experiments are important because, unlike most atiuelies, they often allow us to determine causkedfect. The
participants in an experiment are usually randoaslsigned to either receive the manipulation or paléin a control group.
The purpose of the random assignment is to maknhgroups approximately equal in all respectepkfor the
explanatory variable, which is purposely manipudaifferences in the outcome variable betweerngtioeips, if large enough
to rule out natural chance variability, can theratigbuted to the manipulation of the explanateayiable.

For example, suppose we flip a coin to assign edanumber of new babies into one of two groupght any
intervention, we should expect both groups to gdiout the same amount of weight, on average. thee expose one group
to the sound of a heartbeat and that group gagmsfisiantly more weight than the other group, wa ba reasonably certain
that the weight gain was due to the sound of tlzetbeat.

Observational Studies

As we noted in Chapter 1, abservational study resembles an experiment except that the manipalatours naturally
rather than being imposed by the experimenterekample, we can observe what happens to peopléghtughen they quit
smoking, but we can’t experimentally manipulatenthte quit smoking. We must rely on naturally ocougrevents.

This reliance on naturally occurring events leadgrbblems with establishing a causal connectiaabse we can't arrange to
have a similar control group. For instance, peagie quit smoking may do so because they are oraltihkick” that also
includes better eating habits, a change in coffesemption, and so on. In this case, if we weradserve a weight loss (or
gain) after cessation of smoking, we would not kribilvwere caused by the changes in diet or tlk tzf cigarettes.

In an observational study, you cannot assume higagxplanatory variable of interest to the resescls the only one that
may be responsible for any observed differencéisdroutcome variable.

A special type of observational study is frequentgd in medical research.

Called acase-control study, it is an attempt to include an appropriate corgrolup.

In Chapter 5, we will explore the details of howdk and other observational studies are condwteldn Chapter 6, we will
cover some examples in depth. Observational stuttidsave one advantage over experiments. Resesm@teenot required to
induce artificial behaviour. Participants are siynpbserved doing what they would do naturally; éfere, the results can be
more readily extended to the real world.

Meta-Analyses

A meta-analysisis a quantitative review of a collection of studidisdone on a similar topic. Combining informatifsam
various researchers may result in the emergenpattdrns or effects that weren't conclusively safali¢ from the individual
studies.

It is becoming quite common for the results of rretalyses to appear in newspapers and magazinesx&ople, the top
headline in the November 24, 19%3n Jose Mercury Newgs, “Why mammogram advice keeps changing: S.Hystu
contradicts cancer society’s finding.” The artiekplained that, in addition to the results of nesearch in San Francisco, “A
recent analysis of eight international studiesrditifind any clear benefit to women getting routmammograms while in
their 40s.”

When you see wording indicating that many studiesevanalysed together, the report is undoubtediyring to a meta-
analysis. In this case, the eight studies in qorgiad been conducted over a 30-year period withO®0 women.
Unfortunately, that information was missing frone thewspaper article. Missing information is onéhaf problems with
trying to evaluate a news article based on metdysisaln Chapter 24, we will examine meta-analysed the role they play
in science.
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Case Studies

A case study is an in-depth examination of one or a small nundé@ndividuals. The researcher observes and irdery that
individual and others who know about the topicrdérest. For example, to study a purported psylbéder, a researcher
might observe her at work, interview her about téghes, and interview clients who had been trebjetthe healer. We do not
cover case studies in this book because they acrigéve and do not require statistical methods. WMl issue one warning,
though. Be careful not to assume you can extenfiritings of a case study to any person or sitnatither than the one
studied. In fact, case studies may be used to figads situations precisely because they are ralaiarepresentative.

4.2 DEFINING A COMMON LANGUAGE

In the remainder of this chapter, we explore th¢hods used in sample surveys. To make our disqusdisampling methods
clear, let's establish a common language. As we lsaen before, statisticians borrow words fromyalay language and
attach specialized meaning to them. The first tlyioig need to know is that researchers sometimesksgy@monymously of the
individuals being measured and the measurementsstiees. You can usually figure this out from tbhatext. The relevant
definitions cover both meanings.

* A unit is a single individual or object to be measured.

» Thepopulation (or universe) is the entire collection of units about which
we would like information or the entire collectiohmeasurements we
would have if we could measure the whole population

» Thesampleis the collection of units we actually measurehar ¢ollection
of measurements we actually obtain.

» Thesampling frameis a list of units from which the sample is chosen.
Ideally, it includes the whole population.

* In asample survey, measurements are taken on a subset, or sampieitef
from the population.

* A censusis a survey in which the entire population is meagu

4.3 THE BEAUTY OF SAMPLING

Here is some information that may astound youolf yse commonly accepted methods to sample 1506 &dum an entire
population of millions of adults, you can almosttaily gauge, to within 3%, the percentage ofe¢htre population who

have a certain trait or opinion. (There is nothinggical about 1500 and 3%, as you will soon seeshEnore amazing is the
fact that this result doesn’t depend on how bigpbpulation is; it depends only on how many arthexsample. Our sample of
1500 would do equally well at estimating, to witli%h, the percentage of a population of 10 billi@hcourse, you have to
use a proper sampling method—but we address tieat la

You can see why researchers are content to republic opinion polls rather than trying to ask exae for their opinion. It

is much cheaper to ask 1500 people than severagmiéspecially when you can get an answer thalnsst as accurate. It
also takes less time to conduct a sample surveyal@ensus, and because fewer interviewers aredgtgtre is better quality
control.

Accuracy of a Sample Survey: Margin of Error

Most sample surveys are used to estimate the piopar percentage of people who have a certaihdrapinion. For
example, the Nielsen ratings, used to determin@éneentage of American television sets tunedgarticular show, are
based on a sample of a few thousand householdsspé@ers and magazines routinely conduct surveggenf thousand
people to determine public opinion on current te@itinterest. As we have said, these surveyspigrly conducted, are
amazingly accurate. The measure of accuracy isrdaucalled thenargin of error. The sample proportion differs from the
population proportion by more than the margin ebetess than 5% of the time, or in fewer than 20nsurveys. To express
results in terms of percentages instead of propustisimply multiply everything by 100.
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As a general rule, the amount by which the propartibtained from the sample will
differ from the true population proportion rarely@eds 1 divided by the square roo

of the number in the samplEhis is expressed by the simple form%{a, where the
lettern represents the number of people in the sample.

For example, with a sample of 1600 people, we lsgak an estimate that is accurate to within #40025 = 2.5% of the
truth because the square root of 1600 is 40. Y@htsee results such as, “Fifty-five percent opoeglents support the
president’s economic plan. The margin of errortfig survey is plus or minus 2.5 percentage pdifitsis means that it is
almost certain that between 52.5% and 57.5% oétiiee population support the plan. In other wogtl] and subtract the
margin of error to the sample value, and the resplhterval almost surely covers the true popalatralue. If you were to
follow this method every time you read the resafta properly conducted survey, the interval woahdly miss covering the
truth about 1 in 20 times.

Other Advantages of Sample Surveys

When a Census Isn’t Possible

Suppose you needed a laboratory test to see ifhlood had too high a concentration of a certabstance. Would you
prefer that the lab measure the entire populatfgmor blood, or would you prefer to give a samp®filarly, suppose a
manufacturer of firecrackers wanted to know whatestage of their products were duds. They woutdchmezke much of a
profit if they tested them all, but they could gateasonable estimate of the desired percentatgstiyg a properly selected
sample. As these examples illustrate, there anatsins where measurements destroy the units bested and thus a census
is not feasible.

Speed

Another advantage of a sample survey over a casshie amount of time it takes to conduct a sarspleey. For example, it
takes several years to successfully plan and execognsus of the entire population of the UnitedeS. Getting monthly
unemployment rates would be impossible with a cenihie results would be quite out of date by theetthey were released.
It is much faster to collect a sample than a ceifghe population is large.

Accuracy

A final advantage of a sample survey is that yaudsvote your resources to getting the most aceimédrmation possible
from the sample you have selected. It is easitnato a small group of interviewers than a large,@nd it is easier to track
down a small group of no respondents than the tange that would inevitably result from trying tor@luct a census.

4.4 SIMPLE RANDOM SAMPLING

The ability of a relatively small sample to accehatreflect the opinions of a huge population doeeshappen haphazardly. It
works only if proper sampling methods are usedrfvee in the population must have a specified charfenaking it into the
sample. Methods with this characteristic are cahieabability sampling plans.

The simplest way of accomplishing this goal is $e asimple random sample. With a simple random sample, every
conceivable group of people of the required sizetha same chance of being the selected sampkcttially produce a
simple random sample, you need only two thingstFou need a list of the units in the populat®acond, you need a
source of andom numbers. Random numbers can be found in tables designetidopurpose, called “tables of random
digits,” or they can be generated by computerscahclilators. If the population isn’t too large, ploal methods can be used,
as illustrated in the next hypothetical example.

HOW TO SAMPLE FROM YOUR CLASS

Suppose you are taking a class with 200 students and are unhappy with the teaching method. To substantiate that a
problem exists so that you can complain to higher powers, you decide to collect a simple random sample of 25 students
and ask them for their opinions. Notice that a sample of this size would have a margin of error of about 20% because

é = % = 0.20. Thus, the percentage of those 25 people who were dissatisfied would almost surely be within 20% of the
percentage of the entire class who were dissatisfied. If 60% of the sample said they were dissatisfied, you could tell the
higher powers that somewhere between 40% and 80% of the entire class was probably dissatisfied. Although that’s not a
very precise statement, it is certainly enough to show major dissatisfaction.

To collect your sample, you would proceed as follows:
STEP 1: Obtain a list of the students in the class, numbered from 1 to 200.

STEP 2: Obtain 25 random numbers between 1 and 200. One simple way to do this would be to write each of the
numbers from 1 to 200 on equally sized slips of paper, put them in a bag, mix them very well, and draw out 25 or use a
calculator or computer to generate 25 random numbers between 1 and 200.

31 141 35 69 100 182 61 116 191 161 129 120 15015 84 194 135 101 44 163 152 39 99 110 36
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STEP 3: Locate and interview the people on your list whose numbers were selected. Notice that it is important to try to
locate the actual 25 people resulting from this process. If you tried to phone someone only once and gave up when you
could not reach that person, you would bias your results toward people who were home more often. If you collected your
sample correctly, as described, you would have legitimate data to present to the higher powers.

4.5 OTHER SAMPLING METHODS

By now you may be asking yourself how polling origations could possibly get a numbered list ofvatiers or of all adults
in the country. In truth, they don’t. Instead, threly on more complicated sampling methods. Hereleseribe a few other
sampling methods, all of which are good substitidesimple random sampling in most situationsfact, they often have
advantages over simple random sampling.

Stratified Random Sampling

Sometimes the population of units falls into natgraups, calledtrata. For example, public opinion pollsters often take
separate samples from each region of the counttlyesocan spot regional differences as well as oreasational trends.
Political pollsters may sample separately from gaalitical party to compare opinions by party.

A stratified random sampleis collected by first dividing the population ofitsinto groups (strata) and then taking a simple
random sample from each. For example, the straghtrbie regions of the country or political partigéeu can often recognize
this type of sampling when you read the resulta sfirvey because the results will be listed seplgridr each of the strata.
Stratified sampling has other advantages besidefath that results are available separately agastOne is that different
interviewers may work best with different peopler Example, people from separate regions of thatcpSouth, Northeast,
and so on) may feel more comfortable with intengesvfrom the same region. It may also be more auenéto stratify
before sampling. If we were interested in opiniofisollege students across the country, it woultbpbly be easier to train
interviewers at each college rather than to seag#ime interviewer to all campuses.
So far we have been focusing on the collectioratégorical variables, such as opinions or traitpfeemight have. Surveys
are also used to collect measurement variableh, asiage at first intercourse or number of cigasettnoked per day. We are
often interested in the population average for sueAsurements. The accuracy with which we can astithe average
depends on the natural variability among the measants. The less variable they are, the more @igaige can assess the
population average on the basis of the sample sakar instance, if everyone in a relatively lasgenple reports that his or
her age at first intercourse was between 16 yearsrghs and 16 years 4 months, then we can bévediasure that the
average age in the population is close to that. é@w if reported ages range from 13 years to 2Bsy¢hen we cannot
pinpoint the average age for the population neaslgccurately.
Stratified sampling can help to solve the probldrgreat natural variability. Suppose we could fgaut how to stratify in a
way that allowed little natural variability in tlEmswers within each strata. We could then get anrate estimate for each
stratum and combine estimates to get a much mewdseranswer for the group than if we measuredyewertogether. For
example, if we wanted to estimate the average wejgim of newborn babies during the first four dafife, we could do so
more accurately by dividing the babies into grobased on their initial birth weight. Very heavy esns actually tend to
lose weight during the first few

Stratified sampling is sometimes used instead of sirapiom sampling for the days, whereas very light ones
following reasons: tend to gain more weight.

1. We can find individual estimates for each stratum.

2. If the variable measured gives more consistentegithin each of the strata than
within the whole population, we can get more accueatamates of the population
values.

3. If strata are geographically separated, it mayHsaper to sample them separately

4. We may want to use different interviewers within eatthe strata.

Cluster Sampling

Cluster sampling is often confused with stratified sampling, busiactually a radically different concept and cambuch
easier to accomplish. The population units arerad&ided into groups, calledusters, but rather than sampling within each
group, we select a random sample of clusters arasune only those clusters. One obvious advantagkister sampling is
that you need only a list of clusters, instead li$teof all individual units.

For example, suppose we wanted to sample studeintg in the dormitories at a college. If the cgiéehad 30 dorms and each
dorm had 6 floors, we could consider the 180 fldorke 180 clusters of units. We could then rangasalect the desired
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number of floors and measure everyone on thosesfl@oing so would probably be much cheaper anceroonvenient than
obtaining a simple random sample of all dormita@yidents.

If cluster sampling is used, the analysis must @edadifferently because similarities may exist agithre members of the
clusters, and these must be taken into account.

Systematic Sampling

Suppose you had a list of 5000 names and telepmaoméers from which you wanted to select a samplE6f That means
you would want to select 1 of every 50 people anlist. The first idea that might occur to youasstmply choose every 50th
name on the list. If you did so, you would be usarsgstematic sampling plan. With this plan, you divide the list into as
many consecutive segments as you need, randombselestarting point in the first segment, theng@arat that same point
in each segment. In our example, you would randarnbose a starting point in the first 50 names, g@mple every 50th
name after that. When you were finished, you wdnalde selected one person from each of 100 segneeptslly spaced
throughout the list.

Systematic sampling is often a good alternativeatmlom sampling. In a few instances, however ritlead to a biased
sample, and common sense must be used to avoil thesn example, suppose you were doing a surfvegtential noise
problems in a high-rise college dormitory. Furtiempose a list of residents was provided, arrabgedom number, with 20
rooms per floor and two people per room. If youeuver take a systematic sample of, say, every 48tbop on the list, you
would get people who lived in the same locatiorevery floor—and thus a biased sampling of opinialipsut noise problems.

4.6 DIFFICULTIES AND DISASTERS IN SAMPLING

In theory, designing a good sampling plan is easlysdraightforward. However, the real world rarebpperates with well-
designed plans, and trying to collect a proper $amsmo exception. Difficulties that can occupiractice need to be
considered when you evaluate a study. If a progepéing plan is never implemented, the conclusearsbe misleading and
inaccurate.

Difficulties
1. Using the wrong sampling frame
2. Not reaching the individuals selected
3. Getting no response or getting a volunteer response

Disasters
4. Getting a volunteer sample
5. Using a convenience or haphazard sample

Difficulties in Sampling
Following are some problems that can occur evemvahgampling plan has been well designed.

Using the Wrong Sampling Frame

Remember that the sampling frame is the list ofpthygulation of units from which the sample is dra@ometimes a sampling
frame will either include unwanted units or exclusired units. For example, using a list of regex voters to predict
election outcomes includes those who are not lik@hote as well as those who are likely to doUsing a telephone
directory to survey the general population exclutiese who move often, those with unlisted homeben® (such as many
physicians and teachers), and those who cannaotadftelephone.

Common sense can often lead to a solution forptublem. In the example of registered voters, uigsvers may try to first
ascertain the voting history of the person conthbteasking where he or she votes and then contyrthie interview only if
the person knows the answer. Instead of usingepltehe directory, surveys use random digit dialliFigis solution still
excludes those without phones but not those whe'tdidppen to be in the last printed directory.

Not Reaching the Individuals Selected

Even if a proper sample of units is selected, thiessunay not be reached. For exam@ensumer Report®iagazine mails a
lengthy survey to its subscribers to obtain infaiioraon the reliability of various products. If yetere to receive such a
survey, and you had a close friend who had beemgarouble with a highly rated automobile, you meagyy well decide to
pass the questionnaire on to your friend to ansWeat way, he would get to register his complaaiisut the car, but
Consumer

Reportswould not have reached the intended recipient.
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Telephone surveys tend to reach a disproportianat@der of women because they are more likely tvanthe phone. To try
to counter that problem, researchers sometimetoasgieak to the oldest adult male at home. Surasyslso likely to have
trouble contacting people who work long hours armedrarely home or those who tend to travel exterigiv

In recent years, news organizations have beenyresbo produce surveys of public opinion quickiyhen a controversial
story breaks, people want to know how others fbelait. This pressure results in wiviall Street Journaleporter Cynthia
Crossen calls “quickie polls.” As she notes, thexse“most likely to be wrong because questionshastily drawn and poorly
pretested, and it is almost impossible to get doemsample in one night” (Crossen, 1994, p. 102¢nBwith the computer
randomly generating phone numbers for the sampdmymeople are not likely to be home that night—gmey may have
different opinions from those who are likely tolli@me. Most responsible reports about polls incinflaemation about the
dates during which they were conducted. If a palwone in one night, beware! It is important trate a sample has been
selected, those individuals are the ones who dualc measured. It is better to put resources gettting a smaller sample
than to get one that has been biased becausertles sakers moved on to the next person on theviigtn a selected
individual was initially unavailable.

Getting No Response or a Volunteer Response

Even the best surveys are not able to contact emergn their list, and not everyone contacted iwdpond. The General
Social Survey (GSS), run by the prestigious Nafi@mnion Research Centre (NORC) at the UniversftZhicago, noted in
its September 199GSS News:

In 1993 the GSS achieved its highest responseeragie 82.4%. This is five percentage points highan our
average over the last four years. Given the lomgtle of the GSS (90 minutes), the high respongs @ltthe GSS
are testimony to the extraordinary skill and dediica of the NORC field staff.

Beyond having a dedicated staff, not much can e éout getting everyone in the sample to respResponse rates should
simply be reported in research summaries. As aereaeimember that the lower the response ratdesisehe results can be
generalized to the population as a whole. Respgrira survey (or not) is voluntary, and those wégpond are likely to
have stronger opinions than those who do not. Widii surveys, it may be possible to compare thdse respond
immediately with those who need a second prodding,in telephone surveys you could compare thoseamnd home on the
first try with those who require numerous call-back

If those groups differ on the measurement of irstiethen those who were never reached are problifdyent as well. In a
mail survey, it is best not to rely solely on “votaeer response.” In other words, don’t just actleat those who did not
respond the first time can’t be cajoled into ittedf sending a reminder with a brightly colourexhgt or following up with a
personal phone call will produce the desired effSatveys that simply use those who respond volilytre sure to be biased
in favour of those with strong opinions or with &ron their hands.

Disasters in Sampling
A few sampling methods are so bad that they dar@hevarrant a further look at the study or its hssu

Getting a Volunteer Sample

Although relying on voluntegesponsepresents somewhat of a difficulty in determining #&xtent to which surveys can be
generalized, relying on a voluntesampleis a complete waste of time. If a magazine or islem station runs a survey and
asks any readers or viewers who are interestessmmond, the results reflect only the opinions osehwho decide to
volunteer. As noted earlier, those who have a gtapinion about the question are more likely tgpogsl than those who do
not. Thus, the responding group is simply not repneéative of any larger group. Most media outlets acknowledge that
such polls are “unscientific” when they report theults, but most readers are not likely to undeshow misleading the
results can be. The next example illustrates tiiradiction that can result between a scientifit @od one relying solely on
a volunteer sample.

Using a Convenience or Haphazard Sample
Another worthless sampling technique for surveyts igsse the most convenient group available oetid# on the spot who to
sample. Again, the group does not represent aggigropulation.

You have seen the proper way to collect a sampléhame been warned about the many difficultiesdaryers inherent in
the process. We finish the chapter with a famoasrgte that helped researchers learn some of thigaksp
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Chapter 5
Experiments and Observational Studies

5.1 DEFINING A COMMON LANGUAGE

In this chapter, we focus on studies that attempletect relationships between variables. Connestithers have found,
which we examine in this chapter and the nextuidela relationship between baldness and hearkatitaenen, between
smoking during pregnancy and subsequent lower liQdrchild, between listening to Mozart and scofifgher on an 1Q test,
and between handedness and age at death. We evihaesome of these connections are supportedopgpy conducted
studies, whereas other connections are not as solid

Explanatory Variables, Response Variables, and Trea  tments

In most studies, we imagine that if there is a ahrtedationship, it occurs in a particular direatié-or example, if we found
that left-handed people die at a younger age tigdut-handed people, we could envision reasons Wwaly handedness might
be responsible for the earlier death, such as entsdesulting from living in a right-handed wortiwould be more difficult
to argue that they were left-handed because they gaing to die at an earlier age.

Explanatory Variables versus Response Variables

We define arexplanatory variableto be one that attempts to explain or is purporbechuse (at least partially) differences in
aresponse variable (sometimes called asutcome variable). In the previous example, handedness would be thiaratory
variable and age at death the response variablkelBalk experiment described in Chapter 1, whetteebaby listened to a
heartbeat was the explanatory variable and weigint was the response variable. In a study compatieghotherapy to
surgery for cancer, the medical treatment is th@agatory variable and surviving (usually measwasdurviving for five
years) or not surviving is the response variable.

Many studies have more than one explanatory varjdthit usually there is only one response variable.

We can usually distinguish which is which, but agoaally we simply examine relationships in whiblere is no conceivable
causal connection. An example is the apparentioaktiip between baldness and heart attacks. Betlaeisevel of baldness
was measured at the time of the heart attack,abe attack could not have caused the baldneasuld be farfetched to
assume that baldness results in such stress timaamaded to have heart attacks. Instead, a tlardble may be causing both
the baldness and the heart attack. In such casesimply refer to the variables generically anchdbassign one to be the
explanatory variable and one to be the responsablar

Treatments

Sometimes the explanatory variable takes the fdranroanipulation applied by the experimenter, saslwvhen Salk played
the sound of a heartbeat for some of the babi¢segtment is one or a combination of explanatory variablesgaed by the
experimenter. Notice that the term incorporateslizction of conditions. In Salk’s experiment thevere two conditions:
Some babies received the heartbeat treatment Artsoeceived the silent treatment.

Experiment versus Observational Study

Ideally, if we were trying to ascertain the coni@ttetween the explanatory and response varialvkesyould keep
everything constant except the explanatory variaiMe would then manipulate the explanatory variailé notice what
happened to the response variable as a conseqW¥aaearely reach this ideal, but we can come clastr an experiment
than with an observational study.

In anexperiment, we create differences in the explanatory variaht&then examine the results. Inabser vational study
we observe differences in the explanatory variabie then notice whether these are related to diff@s in the response
variable.

For example, suppose we wanted to detect the efté¢he explanatory variable “smoking during pragey” on the response
variable “child’s 1Q at 4 years of age.” In an esipent, we would randomly assign half of the moshier smoke during
pregnancy and the other half to not smoke. In aendational study, we would merely record smokiagaviour. This
example demonstrates why we can'’t always performxg@eriment.
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Two reasons why we must sometimes use an observatiadglinstead of an experiment:
1. ltis unethical or impossible to assign peopleciteive a specific treatment.

2. Certain explanatory variables, such as handedaesgherent traits and cannot be
randomly assigned.

Confounders and Interactions

Confounding Variables

A confounding variable is one whose effect on the response variable cdeéparated from the effect of the explanatory
variable. For instance, if we notice that women whwke during pregnancy have children with lowes tian the children of
women who don’t smoke, it could be because womem svhoke also have poor nutrition. In that caseijtian would be
confounded with smoking in terms of its influencesubsequent IQ of the child. Confounding varialalesa bigger problem
in observational studies than in experiments. ¢, fane of the major advantages of an experimeet am observational study
is that, in an experiment, the researcher attetoptentrol for confounding variables.

Interactions between Variables

When you read the results of a study, you shod laé aware that there mayibger actions between explanatory variables.
An interaction occurs when the effect of one exatary variable on the response variable dependghai’'s happening with
another explanatory variable. For example, if smglduring pregnancy reduces IQ when the mother doesexercise, but
raises or does not influence 1Q when the mothes @xercise, then we would say that smoking intsraith exercise to
produce an effect on 1Q. Notice that if two vareto interact, it is important that the resultgilven separately for each
combination. To simply say that smoking lowers 1Qen, in fact, it only did so for those who didndeecise would be a
misleading conclusion.

Experimental Units, Subjects, and Volunteers

In addition to humans, it is common for studied¢operformed on plants, animals, machine partssarah. To have a
generic term for this conglomeration of possitakti we definexperimental unitsto be the smallest basic objects to which
we can assign different treatments in an experiraadbbser vational unitsto be the objects or people measured in any study.

The termgarticipants or subjects are commonly used when the observational unitpaogle. In most cases, the participants
in studies ar@olunteers. Sometimes they are passive volunteers, such as althgatients treated at a particular medical
facility are asked to sign a consent form agre&ingarticipate in a study. Often researchers reenlunteers through the
newspaper. For example, a weekly newspaper in 8 gma in California recently ran an article withe headline,
“Volunteers sought for silicone studyiMinters(CA) Express,16 December 1993, p. 8). The article explainedrimsearchers
at a local medical school were “seeking 100 womgéh silicone breast implants and 100 without whe wailling to fast
overnight and then give a blood sample.” The atidso explained who was doing the research amadiifsose. Notice that by
recruiting volunteers for studies, the results camecessarily be extended to the larger populakonexample, if volunteers
are enticed to participate by receiving a smallnpant or free medical care, as is often the cassgtivho respond are more
likely to be from lower socioeconomic backgroundemmon sense should enable you to figure outsfithlikely to be a
problem, but researchers should always reportdbece of their participants so you can judge thisyburself.

5.2 DESIGNING A GOOD EXPERIMENT

Designing a flawless experiment is extremely difficand carrying one out is probably impossiblenitheless, there are
ideals to strive for, and in this section, we irtigeste those first. We then explore some of thfalistthat are still quite
prevalent in research today.

Randomization: The Crucial Element

Experiments are supposed to reduce the effectsribanding variables and other sources of biasare@hecessarily present
in observational studies. They do so by using gk principle called andomization.

We discussed the idea of randomization in Chapteién we described how to choose a sample fon@guThere, we were
concerned that everyone in the population had eifgge: probability of making it into the sample. éxperimentation, we are
concerned that each of the experimental units (peapimals, and so on) has a specified probalufitgceiving any of the
potential treatments. For example,
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Salk should have ensured that each group of babkable for study had an equal chance of beisggasd to hear the
heartbeat or to go into the silent nursery. Othsewhe could have chosen the babies who lookethreab begin with to
receive the heartbeat treatment.

Randomizing the Order of Treatments

In some experiments, all treatments are applieghtd unit. In that case, randomization should lee ts determine therder

in which they are applied. For example, supposexperiment is conducted to determine the extewtich drinking alcohol
or smoking marijuana impairs driving ability. Besaulrivers are all so different, it makes sengedbthe same drivers under
all three conditions (alcohol, marijuana, and spbather than using different drivers for each d¢tod. But if everyone were
tested under alcohol, then marijuana, then solyethéotime they were traveling the course for theosid and third times, their
performance would improve just from having learsethething about the course. A better method woeltblvandomly
assign some drivers to each of the possible orgesp the learning effect would average out ovetlihee treatments. Notice
that it is important that the assignments be mraddomly.If we let the experimenter decide which driveragsign to which
ordering, assignments could be made to give arruadaantage to one of the treatments.

Randomizing the Type of Treatments

Randomly assigning the treatments to the experiahenits also helps protect against hidden or unknbiases. For
example, suppose that in the experiment in Casdy3ti2, approximately the first 11,000 physiciarswenrolled were given
aspirin and the remainder were given placebosutdcbe that the healthier, more energetic physgenrolled first, thus
giving aspirin an unfair advantage. In statisticandom” is not synonymous with “haphazard”—despiteat your thesaurus
might say. Random assignments may not be posgildthical under some circumstances. But in situatiwhere
randomization is feasible, it is usually not ditficto accomplish. It can easily be done with deai random digits, a
computer, or even—if done carefully—by physical meauch as flipping a coin or drawing numbers feohat. The
important feature, ensured by proper randomizatsothat the chances of being assigned to eachittwndre the same for
each participant.

Control Groups, Placebos, and Blinding

Control Groups

To determine whether a drug, heartbeat sound, atedittechnique, and so on, has an effect, we tekdow what would
have happened to the response variable if thentezdthad not been applied. To find that out, expeniters createontrol
groups, which are treated identically in all respects, @tdbat they don’t receive the active treatment.

Placebos

A special kind of control group is usually usedsindies of the effectiveness of drugs. A substbbtidy of research shows
that people respond not only to active drugs ad sdplacebos. A placebo looks like the real drug but has no a&ctiv
ingredients. Placebos can be amazingly effectiuetiss have shown that they can help up to 62%aflache sufferers, 58%
of those suffering from seasickness, and

39% of those with postoperative wound pain.

Because thelacebo effect is so strong, drug research is generally condugyadindomly assigning half of the volunteers to
receive the drug and the other half to receiveaagilo, without telling them which they are receajvifihe placebo looks just
like the real thing, so the participants will n& &ble to distinguish between it and the actuaj @nd thus will not be
influenced by belief biases.

Blinding

The patient isn’t the only one who can be affedtgdnowing whether he or she has received an adtg. If the researcher
who is measuring the reaction of the patients weeienow which group was which, the researcher migke the
measurements in a biased fashion.

To avoid these biases, good experimentsdasble-blind procedures. A double- blind experiment is one inciwimeither the
participant nor the researcher taking the measurenk@ows who had which treatmentsifigle-blind experiment is one in
which only the participants do not know which treant they have been assigned. An experiment wdsitdte called single-
blind if the participants knew the treatments gt tesearcher were kept blind.

Although double-blind experiments are preferabiieytare not always possible. For example, in tgstie effect of
meditation on blood pressure, the subjects wouldonisly know if they were in the meditation groupte control group. In
this case, the only possible experiment would bmgle-blind study in which the person taking theo pressure
measurement would not know who was in which group.

Pairing and Blocking

It is sometimes easier and more efficient to haahgerson in a study serve as his or her ownalofithat way, differences
that inherently exist among individuals don’t ohscthe treatment effects. We encountered thiswdesn we discussed how
to compare driving ability when under the influerdalcohol and marijuana and when sober.
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Sometimes, instead of using the same individualtfertreatments, researchers will match peopleaits that are likely to be
related to the outcome, such as age, 1Q, or weidtay then randomly assign each of the treatmentsi¢ member of each
matched pair or grouping. For example, in a stuapgaring chemotherapy to surgery to treat canegiemts might be
matched by sex, age, and level of severity oflthess. One from each pair would then be randoinbsen to receive the
chemotherapy and the other to receive surgeryc¢Ofse, such a study would only be ethically fdasitthere were no prior
knowledge that one treatment was superior to theroPatients in such cases are always requirsigrican informed
consent.)

Matched-Pair Designs

Experimental designs that use either two matchéidioluals or the same individual to receive eachwaf treatments are
calledmatched-pair designs. The important feature of these designs is thataamzhtion is used to assign the order of the
two treatments. Of course, it is still importantipto conduct the experiment in a double- bliadHion so that neither the
participant nor the researcher knows which ordes used.

Block Designs

An extension of the matched-pair design to thremarre treatments is calledbbock design. The method discussed for
comparing drivers under three conditions was akbtlsign. Each driver is calledobock. This somewhat peculiar
terminology results from the fact that these ideaee first used in agricultural experiments, whiie experimental units were
plots of land that had been subdivided into “blotks the social sciences, designs such as thesehich the same
participants are measured repeatedly, are refésrasr epeated-measur es designs.

Case Study 5.1

Quitting Smoking with Nicotine Patches

There is no longer any doubt that smoking cigasaidazardous to your health and to those arooond¥et, for someone
addicted to smoking, quitting is no simple mat@ne promising technique for helping people to goibking is to apply a
patch to the skin that dispenses nicotine intdithed. These “nicotine patches” have become ortheomost frequently
prescribed medications in the United States. Totheseffectiveness of these patches on the ceasatismoking, Dr. Richard
Hurt and his colleagues (Hurt et al., 23 Febru&94) recruited 240 smokers at Mayo Clinics in Retéie Minnesota,;
Jacksonville, Florida; and Scottsdale, Arizona.téers were required to be between the ages ah@®5, have an expired
carbon monoxide level of 10 ppm or greater (showirag they were indeed smokers), be in good heladthe a history of
smoking at least 20 cigarettes per day for the yeast, and be motivated to quit. Volunteers wereloanly assigned to receive
either 22-mg nicotine patches or placebo patche8 feeeks. They were also provided with an intetieenprogram
recommended by the National Cancer Institute, irckvthey received counselling before, during, amdniany months after
the 8-week period of wearing the patches. After@iveeek period of patch use, almost half (46%hefriicotine group had
quit smoking, whereas only one-fifth (20%) of tHagebo group had. Having quit was defined as “ssgfrted abstinence
(not even a puff) since the last visit and an eegbiir carbon monoxide level of 8 ppm or less™5@6). After a year, rates in
both groups had declined, but the group that heelived the nicotine patch still had a higher petaga who had successfully
quit than did the placebo group: 27.5% versus 148 study was double-blind, so neither the pigditts nor the nurses
taking the measurements knew who had receivedctieeanicotine patches. The study was funded bsaatgrom Lederle
Laboratories and was published in fleirnal of the American Medical Association.

5.3 DIFFICULTIES AND DISASTERS IN EXPERIMENTS

We have already introduced some of the problentscirabe encountered with experiments, such asdiatroduced by lack
of randomization. However, many of the complicasidimat result from poorly conducted experimentstmanegated with
proper planning and execution.

Here are some potential complications:

1. Confounding variables

2. Interacting variables

3. Placebo, Hawthorne, and experimenter effects
4, Ecological validity and generalizability

Confounding Variables

The Problem
Variables that are connected with the explanatarjable can distort the results of an experimentbee they—and not the
explanatory variable—may be the agent actually iogus change in the response variable.
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The Solution

Randomization is the solution. If experimental sigite randomly assigned to treatments, then tketeféf the confounding
variables should apply equally to each treatmehtsT observed differences between treatments shotloe attributable to
the confounding variables.

NICOTINE PATCH THERAPY

The nicotine patch therapy in Case Study 5.1 was more effective when there were no other smokers in the participant’s
home. Suppose the researchers had assigned the first 120 volunteers to the placebo group and the last 120 to the
nicotine group. Further, suppose that those with no other smokers at home were more eager to volunteer. Then the
treatment would have been confounded with whether there were other smokers at home. The observed results showing
that the active patches were more effective than the placebo patches could have merely represented a difference
between those with other smokers at home and those without. By using randomization, approximately equal numbers in
each group should have come from homes with other smokers. Thus, any impact of that variable would be spread equally
across the two groups. _

Interacting Variables

The Problem

Sometimes a second variable interacts with theaggbbry variable, but the results are reportedawithiaking that interaction
into account. The reader is then misled into thigkihe treatment works equally well, no matter whatcondition is for the
second variable.

The Solution
Researchers should measure and report variablesiétyainteract with the main explanatory variable(s

OTHER SMOKERS AT HOME

In the study we discussed in Case Study 5.1, there was an interaction between the treatment and whether there were
other smokers at home. The researchers measured and reported this interaction. After the 8-week patch therapy, the
proportion of the nicotine group who had quit smoking was only 31% if there were other smokers at home, whereas it was
58% if there were not. In the placebo group, the proportions who had quit were the same whether there were other
smokers at home or not. Therefore, it would be misleading to merely report that 46% of the nicotine recipients had quit,
without also providing the information about the interaction.

Placebo, Hawthorne, and Experimenter Effects

The Problem

We have already discussed the strong effect thiiaebo can have on experimental outcomes bechegmiver of
suggestion is somehow able to affect the resuteldted idea is that participants in an experimespond differently than
they otherwise would, just because tlaegin the experiment. This is called the “Hawthornfeet’ because it was first
detected in 1924 during a study of factory worlkaerthe Hawthorne, lllinois, plant of the Westeredttic Company. (The
phrase was not actually coined until much lateg;Bench, 1953.)

Related to these effects are numerous ways in whelkxperimenter can bias the results. Thesedredlecording the data
erroneously to match the desired outcome, treatifigects differently based on which condition theg receiving, or subtly
letting the subjects know the desired outcome.

The Solution

As we have seen, most of these problems can beawerby using double-blind designs and by includingdacebo group or
a control group that receives identical handlingegt for the active part of the treatment. Othebjems, such as incorrect
data recording, should be addressed by allowing albe automatically entered into a computer esadbllected, if possible.
Depending on the experiment, there may still belswbays in which experimenter effects can snekftime results. You
should be aware of these possibilities when yod tka results of a study.

DULL RATS
In an experiment designed to test whether the expectations of the experimenter could really influence the results,
Rosenthal and Fode (1963) deliberately conned

12 experimenters. They gave each one five rats that had been taught to run a maze. They told six of the experimenters
that the rats had been bred to do well (that is, that they were “maze bright”) and told the other six that their rats were
“maze dull” and should not be expected to do well. Sure enough, the experimenters who had been told they had bright
rats found learning rates far superior to those found by the experimenters who had been told they had dull rats. Hundreds
of other studies have since confirmed the “experimenter effect.”
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Ecological Validity and Generalizability

The Problem

Suppose you wanted to compare three assertivaiagsag methods to see which was more effectivedathing people how
to say no to unwanted requests on their time. Wiildd realistic to give them the training, thenasre the results by asking
them to role-play in situations in which they woulalve to say no? Probably not because everyonéved/avould know it

was only role-playing. The usual social pressuresaly yes would not be as striking. This is an glaraf an experiment with
little ecological validity. In other words, the variables have been removed freir natural setting and are measured in the
laboratory or in some other artificial setting. Bhthe results do not accurately reflect the impétihe variables in the real
world or in everyday life. A related problem is ome have already mentioned namely, if volunteeesused for a study, can
the results be generalized to any larger group?

The Solution

There are no ideal solutions to these problemgrdhan trying to design experiments that can fopaed in a natural

setting with a random sample from the populatiomtdrest. In most experimental work, these idéalsolutions are
impossible. A partial solution is to measure vaealior which the volunteers might differ from theneral population, such
as income, age, or health, and then try to determhie extent to which those variables would makedsults less general than
desired. In any case, when you read the resulisstidy, you should question its ecological vajidihd its generalizability.

REAL SMOKERS WITH A DESIRE TO QUIT

The researchers in Case Study 5.1 did many things to help ensure ecological validity and generalizability. First, they used
a standard intervention program available from and recommended by the National Cancer Institute instead of inventing
their own so that other physicians could follow the same program. Next, they used participants at three different locations
around the country, rather than in one community only, and they involved a wide range of ages (20 to 65). They included
individuals who lived in households with other smokers as well as those who did not. Finally, they recorded numerous
other variables (sex, race, education, marital status, psychological health, and so on) and checked to make sure these
were not related to the response variable or the patch assignment.

Exercise Yourself to Sleep

Sourck King et al., 1 January 1997, pp. 32-37.

According to thadJC Davis Health JournalNovember—December 1997, p. 8), older adults castonly 12% of the
population but receive almost 40% of the sedatprescribed. The purpose of this randomized expéttimes to see if
regular exercise could help reduce sleep diffieslth older adults. The 43 subjects were sedemtdunteers between the
ages of 50 and 76, with moderate sleep problemadbtart disease. They were randomly assigneithier @articipate in a
moderate community based exercise program fourstemeeek for 16 weeks, or continue to be sederfanyethical reasons,
the control group was admitted to the program wtherexperiment was complete. The results wereistrikr he exercise
group fell asleep an average of 11 minutes fastérsiept an average of 42 minutes longer thandhéa group. Note that
this could not be a double-blind experiment becaudgects obviously knew whether they were exargisBecause sleep
patterns were self-reported, there could have bdendency to err in reporting, in the directiosided by the experimenters.
However, this experiment is an example of a wedligieed experiment, given the practical constraamnts, as the authors
conclude, it does allow the finding that “older Bslwvith moderate sleep complaints can improvesg#d sleep quality by
initiating a regular moderate intensity exercisegoam” (p. 32)

5.4 DESIGNING A GOOD OBSERVATIONAL STUDY

In trying to establish causal links, observatiostadies start with a distinct disadvantage comptregkperiments: The
researchers observe, but cannot control, the eafdanvariables. However, these researchers dothavaedvantage that they
are more likely to measure participants in thetural setting. Before looking at some complicatitimst can arise, let's look
at an example of a well-designed observationalystud

Baldness and Heart Attacks

On March 8, 1993Newsweelkannounced, “A really bad hair day: Researchershalkdness and heart attacks” (p. 62). The
article reported that “men with typical male pattéaldness . . . are anywhere from 30 to 300 perere likely to suffer a
heart attack than men with little or no hair losald” Pattern baldness is the type affectingehewn or vertex and is not the
same as a receding hairline; it affects approximatee-third of middle-aged men. The report waselbasn an observational
study conducted by researchers at Boston Univegsihool of Medicine, in which they compared 665 mé& had been
admitted to the hospital with their first hearaakt to 772 men in the same age group (21- to 5dsyad) who had been
admitted to the same hospitals for other reasanistyHive hospitals were involved, all in eastéviassachusetts and Rhode
Island. The full results were reported by Leskos®&terg, and Shapiro (23 February 1993).

The study found that the percentage of men who stil@@me degree of pattern baldness was substatiigiier for those
who had had a heart attack (42%) than for those hveldbnot (34%). Further, when they used sophistitatatistical tests to
ask the question in the reverse direction, theydioan increased risk of heart attack for men with degree of pattern
baldness. The analysis methods included adjustm@nége and other heart attack risk factors. Tigesiase in risk was more
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severe with increasing severity of baldness, aftigusting for age and other risk factors. The autlod the study speculated
that there may be a third variable, perhaps a malmone that both increases the risk of heartlatand leads to a propensity
for baldness. With an observational study suclhias $cientists can establish a connection, angddae then look for causal
mechanisms in future work.

Types of Observational Studies

Case-Control Studies

Some terms are used specifically for observatisnalies. Case Study 5.3 is an example @fsa-control study. In such a
study, “cases” who have a particular attributeardition are compared with “controls” who do nat.this example, those
who had been admitted to the hospital with a hetteitk were the cases, and those who had beentediifait other reasons
were the controls. The cases and controls are aeapa see how they differ on the variable of iestrwhich in Case Study
5.3 was the degree of baldness. Sometimes casessrked with controls on an individual basis. Tthjse of design is
similar to a matched-pair experimental design. aialysis proceeds by first comparing the pair, fienmarizing over all
pairs. Unlike a matched-pair experiment, the redeardoes not randomly assign treatments withirsgait is restricted to
how they occur naturally. For example, to identifiyether left-handed people die at a younger agearehers might match
each left-handed case with a right-handed siblgng eontrol, and compare their ages at death. Hismeds could obviously
not be randomly assigned to the two individualsg@afounding factors might be responsible for abyesved differences.

Retrospective or Prospective Studies

Observational studies are also classified accoringhether they anectr ospective, in which participants are asked to recall
past events, gur ospective, in which participants are followed into the futuagd events are recorded. The latter is a better
procedure because people often do not remembeepasts accurately.

Advantages of Case-Control Studies

Case-control studies have become increasingly pojuimedical research, and with good reason. Muete efficient than
experiments, they do not suffer from the ethicailsiderations inherent in the random assignmenotdigially harmful or
beneficial treatments. The purpose of a case-clostirdy is to find out whether one or more explanawariables are related
to a certain disease. For instance, in an exanipds dater in this book, researchers were intetestavhether owning a pet
bird is related to incidence of lung cancer. A eesetrol study begins with the identification o$aitable number of cases, or
people who have just been diagnosed with the disebisiterest. Researchers then identify a grougpafrols, who are as
similar as possible to the cases, except thatdbeit have the disease. To achieve this similariggearchers often use
patients hospitalized for other causes as the alsntr

Efficiency

The case-control design has some clear advantage&xperiments as well as other observationalietu€ase-control
studies are very efficient in terms of time, morayd inclusion of enough people with the diseasagine trying to design an
experiment to find out whether a relationship existtween owning a bird and getting lung canceu Would randomly
assign people to either own a bird or not and thait to see how many in each group contracted damger. The problem is
that you would have to wait a long time, and eent you would have very few cases of lung canceither group. In the
end, you may not have enough cases for a valid adsgn.

A case-control study, in contrast, would identifiaege group of people who had just been diagnestédlung cancer, and
would then ask them whether they had owned a pet Aisimilar control group would be identified aasked the same
guestion. A comparison would then be made betwleepitoportion of cases (lung cancer patients) vatbbirds and the
proportion of controls who had birds.

Reducing Potential Confounding Variables

Another advantage of case-control studies overathservational studies is that the controls aceseh to try to reduce
potential confounding variables. For example, is€8&tudy 5.3, suppose it were the case that baidvase simply less
healthy than other men and were therefore moréylikkeget sick in some way. An observational sttiugt recorded only
whether someone had baldness and whether theyddkal heart attack would not be able to controtHat fact. By using

other hospitalized patients as the controls, teearchers were able to at least partially accarmgdneral health as a potential
confounding factor. You can see that careful thoiggheeded to choose controls that reduce poteatiiounding factors and
do not introduce new ones. For example, suppossameed to know if heavy exercise induced heartht@and, as cases, we
used people as they were admitted to the hospitllarheart attack. We would certainly not wantise other newly admitted
patients as controls. People who were sick enonghmter the hospital (for anything other than sudelmergencies) would
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probably not have been recently engaging in heaeyoise. When you read the results of a case-dmsttrdy, you should pay
attention to how the controls were selected.

5.5 DIFFICULTIES AND DISASTERS IN OBSERVATIONAL STU DIES

As with other types of research we have discussbdn you read the results of observational stugbesneed to watch for
procedures that could negate the results of thiystu

Here are some complications that can arise:

1. Confounding variables and the implications of céinsa
2. Extending the results inappropriately

3. Using the past as a source of data

Confounding Variables and the Implications of Causa  tion

The Problem
Don't be fooled into thinking that a link betweemot variables established by an observational stughjies that one causes
the other. There is simply no way to separate bgiodential confounding factors if randomizatioashnot been used.

The Solution

A partial solution is achieved if researchers measill the potential confounding variables they taagine and include those
in the analysis to see whether they are relatédletoesponse variable. Another partial solutionlamachieved in case control
studies by choosing the controls to be as sim#gyassible to the cases. The other part of theignlis up to the reader:
Don't be fooled into thinking a causal relationshipsts.

SMOKING DURING PREGNANCY

In Chapter 1, we introduced a study showing that women who smoked during pregnancy had children whose 1Qs at age 4
were lower than those of similar women who had not smoked. The difference was as high as 9 points before accounting
for confounding variables, such as diet and education, but was reduced to just over 4 points after accounting for those
factors. However, other confounding variables could exist that are different for mothers who smoke and that were not
measured and analysed, such as amount of exercise the mother got during pregnancy. Therefore, we should not
conclude that smoking during pregnancy necessarily caused the children to have lower IQs.

Extending the Results Inappropriately

The Problem
Many observational studies use convenience samplésh are generally not representative of any fatfun. Results should
be considered with that in mind. Case control gisidiften use only hospitalized patients, for exampl

The Solution

If possible, researchers should use an entire seigofiche population rather than just a convengample. In studying the
relationship between smoking during pregnancy daild’s 1Q, for example, the researchers includedgnuod the women in a
particular county in upstate New York who were gt during the right time period. Had they relsdely on volunteers
recruited through the media, their results woultlbwas extendable.

BALDNESS AND HEART AT TACKS

The observational study relating baldness and heart attacks only used men who were hospitalized for some reason.
Although that may make sense in terms of providing a more similar control group, you should consider whether the
results should be extended to all men.

Using the Past as a Source of Data

The Problem

Retrospective observational studies can be paatigulinreliable because they ask people to reeatl pehaviour. Some
medical studies, in which the response variablehisther someone has died, can be even worse betaysely on the
memories of relatives and friends rather than eretttual participants. Retrospective studies alffersfrom the fact that
variables that confounded things in the past malpnger be similar to those that would currentlychafounding variables,
and researchers may not think to measure them.

The Solution

If at all possible, prospective studies should $&du That's not always possible. For example, rekeas who first considered
the potential causes of AIDS or Toxic Shock Syndedrad to start with those who were inflicted aryddrfind common
factors from their pasts. If possible, retrospexstudies should use authoritative sources suatedgcal records, rather than
relying on memory.
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DO LEFT-HANDERS DIE YOUNG?

A few years ago, a highly publicized study pronounced that left-handed people did not live as long as right-handed people
(Coren and Halpern, 1991). In one part of the study, the researchers had sent letters to next of kin for a random sample
of recently deceased individuals, asking which hand the deceased had used for writing, drawing, and throwing a ball.
They found that the average age of death for those who had been left-handed was 66, whereas for those who had been
right-handed, it was 75. What they failed to take into account was that in the early part of the 20th century, many children
were forced to write with their right hands, even if their natural inclination was to be left-handed. Therefore, people who
died in their 70s and 80s during the time of this study were more likely to be right-handed than those who died in their 50s
and 60s. The confounding factor of how long ago one learned to write was not taken into account. A better study would
be a prospective one, following current left- and right-handers to see which group survived longer.

Chapter 7
Summarizing and Displaying
Measurement Data

7.1 TURNING DATA INTO INFORMATION

Looking at a long list of numbers is about as infative as looking at a scrambled set of lettersg@tanformation out of
data, the data have to be organized and summa#Azseah example, suppose you were told that youvede score of 80 on
an examination and that the scores in the class asfollows:

75, 95, 60, 93, 85, 84, 76, 92, 62, 83, 80, 90,/64.79, 32, 78, 64, 98, 73, 88, 61, 82, 68, 7980855

How useful would that list of numbers be to youfiist glance? Do you have any idea where you @ive to the rest of the
class? The first thought that may occur to yow iput the numbers into increasing order so youdcceak where your score
was relative to the others. Doing that, you find:

32, 55, 60, 61, 62, 64, 64, 68, 73, 75, 75, 76,/88,/79, 79, 80, 80, 82, 83, 84, 85, 88, 90, 9298398

How you can see that you are somewhat above thélenidut this list still isn't easy to assimilated a useful picture. It
would help if we could summarize the numbers.

The Mean, the Median, and Outliers

There are three kinds of useful information abosetof data, and each can be measured and expirsseariety of ways.
One useful concept is the idea of the “centre’hefdata. What's a typical or average value? Fotdastescores just given, the
numericalaver age, or mean, is 76.04. As another measure, consider that there @8 values in that test score set, so the
median, with half of the scores above and half of the ssdr@ow it, is 78.5, halfway between 78 and 79.

You can see that the median is somewhat higherttteamean in this case. That's because a very dovwes32, pulled down
the mean. It didn’t pull down the median becausdpag as that very low score was 78 or less fiexeon the median would
be the same. If one or two scores are far remawed the rest of the data, they are catbetliers. There are no hard and fast
rules for determining what qualifies as an outlimrt in this case most people would agree thasthee of 32 is an outlier.

Mode

Another measure of “centre,” called thde, is occasionally useful. The mode is simply the neashmon value in the list.
For the exam scores, no single mode exists beeacdeof the scores 64, 75, 8, 79 and 80 occurg tWite mode is most
useful for discrete or categorical data with atredédy small number of possible values. For examiflgou measured the class
standing of all the students in your statisticsgland coded them with 1 = freshman, 2 = sophoraarkso on, it would
probably be more useful to know the mode (most comaolass standing) than to know the mean or theaned

Variability

The second kind of useful information contained iset of data is theariability. How spread out are the values? Are they all
close together? Are most of them together, butvadfethem outliers? Knowing that the mean is abt8jtyour test score of 80
is still hard to interpret. It would obviously haseifferent connotation for you if the scores rghdrom 72 to 80 rather than
from 32 to 98.
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Range
The simplest measure of variability is ttenge, which is just as it sounds. In this case, the scarnt from 32 to 98, for a
range of 66 points. We look at a more complicatedsare of variability, the standard deviation,rlate

Shape

The third kind of useful information is tlshape, which can be derived from a certain kind of pictaféhe data. We can
answer questions such as: Are most of the valumspgd in the middle with values tailing off at eatd? Are there two
distinct groupings? Are most of the values clumimepgbther at one end with a few very high or lowueal? You can see that
your score of 80 would have different meanings ddp® on how the other students’ scores groupeetheg. For example, if
half of the remaining students had scores of 50thedther half scores of 100, then even though goore of 80 was “above
average,” it wouldn’t look so good. Next we focuslmw to look at the shape of the data.

7.2 THE TOTAL PICTURE: STEMPLOTS AND HISTOGRAMS

About Stemplots

A stemplot is a quick and easy way to put a list of numbeis arder while getting a picture of their shapee Hasiest way to
describe a stemplot is to construct one. We coskédthe test scores we’ve been using, but inst¢aduen to some real data,
where each number has an identity. Table 7.1pistsapita income for each of the 50 states an®isteict of Columbia in
1989. Scanning the list gives us some informathan it would be easier to get the big picture if/ére in some sort of
numerical order. We could simply list the states/blue instead of alphabetically, but that would giee us a picture of the
shape.

1989 Per Capita Income

for the Individual States

Alabama 13,679 Montana 13,852

Alaska 21,173 Nebraska 15,360

Arizona 15,881 Nevada 18,827

Arkansas 12,984 New Hampshire 20,251

California 19,740 New Jersey 23,764

Colorado 17,494 New Mexico 13,191 Py

Connecficut 24,604 New York 20,540 Building a 'srem[)lor Step 1 Step 2

Delaware 19,116 North Caroling 15221 of 1989 per capita Creating the stem Attaching leaves The finished stemplot
D.C. 23,436 Norh Dakota 13,061 come for the United . - s

Florida 17,694 Ohio 16,499 121 1219 12195

Georgia 16,188 Oklahoma 14,151 131 1316 1316770812620
Hawail 18,306 Oregon 15,785 1‘5*: 1‘5‘:8 12:;3?3274
|daho 13,762 Pennsylvania 17,422 161 161 16110134437
[linois 18,858 Rhode Island 18,061 171 17146 171467746
Indiana 16,005 South Carolina 13,616 18l 181 18138809

lowa 15,524 South Dakota 13,244 5 o o

Kansas 16,182 Tennessee 14,765 211 211 21110

Kentucky 13,777 Texas 15,483 221 221 2211

Louisiana 13,041 Utah 13,027 231 2314 23147

Maine 16,310 Vermort 16,399 21 216 2410

Maryland 21,020 Virginia 18,970 Example: 1118 = $11,800
Massachusefts 22,196 Washington 17,640

Michigan 17,745 West Virginia 12,529

Minnesota 17746 Wisconsin 16,759

Mississippi 11,835 Wyoming 14,135

Missouri 16,431

Source: Information please almanac, 1991, p. 52

Before reading any further, look at the right-mpatt of Figure 7.1 so you can see what a compktdplot looks like. Each
of the digits extending to the right represents da@ point. The first thing you see is 11|8. Teatesents a per capita income
of $11,800, which is a truncated version of thegamita income of Mississippi, $11,835, the lowsst capita income in the
batch. (To truncate a number, simply drop off thggtsl at the end. This is slightly different fromunding off.) When more
than one state shares the number to the left, da@uis given on the right for each of those stafes.example, the second
item in the stemplot is 12|9 5. This representsdtates: Arkansas, $12,984, and West Virginia, $22, For one more
example, notice the bottom of the picture, 24|@GtTepresents $24,600, which is the truncated Valuthe $24,604 per

capita income of Connecticut.
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Creating a Stemplot
Stemplots are sometimes call&dm-and-leaf plots or stem-and-leaf diagrams. Only two steps are needed to create a
stemplot.

STEP 1: CREATE THE STEMS

The first step is to divide the range of the data equal units to be used as shems.

In this example, the per capita incomes range fdow of $11,835 (for Mississippi) to a high of $8@4 (for Connecticut).
The goal is to use the first few digits in each bemas the stem, in such a way that about 6 tauttbers are lined up
vertically. In this case, we use the first two thgranging from 11, representing

$11,000, to 24, representing $24,000, resultintdistems.

STEP 2: ATTACH THE LEAVES

The second step is to attacheaf to represent each data point. The next digit imiln@ber is used as the leaf, and the
remaining digits are simply dropped. For exampe Alabama, the first number in our list, the papita income is $13,679.
The first two digits have been used in the stenwsaise the third digit, 6, as the leaf. We atiath the stem value of 13.
The middle part of Figure 7.1 shows the picturerdftaves have been attached only for the statdlbama through Florida.
The finished picture, on the right, has the leaatémched for the per capita incomes of all 51 stesBemetimes an additional
step is taken and the leaves are ordered numgrmakach branch.

Attaching Meaning to the Stemplot

Now that we have a picture of the per capita incdata, it is easy to make several observationst,Eirere is a wide range of
incomes, with Connecticut, the highest, being ntbaa twice that of Mississippi, the lowest. Secahdre appear to be two
clusters of values, one in the range of $13,000aamther in the $16,000 to $17,000 range. Thirdenstates are at the lower
end than at the upper end. Although the range $26000 and above includes over one-third of tamstalues, there are
only eight states, or fewer than one-sixth thel tatanber of states, in that range. Finally, we sa@ that there are no extreme
outliers; that is, no states are very far abovieadow the others.

Further Details for Creating Stemplots

Suppose you wanted to create a picture of what gour pulse rate is when you are relaxed. You cbR&cvalues over a
series of a few days and find that they range fsdnto 78. If you tried to create a stemplot usimg first digit as the stem, you
would have only three stem values. If you triedise both digits for the stem, you could have asynaar?5 separate values,
and the picture would be meaningless.

The solution to this problem is to reuse each efdigits 5, 6, and 7. Because you need to havdlggpaced intervals, you
could use each of the digits two or five times/dfi use them each twice, the first listed woulceiee leaves from 0 to 4, and
the second would receive leaves from 5 to 9. Téash stem value would encompass a range of fivts pea minute of pulse.
If you use each digit five times, each stem valeeild receive leaves of two possible values. Tt fitem for each digit
would receive 0 and 1, the second would received?3 and so on. Notice that if you tried to usittitial pulse digits three
or four times each, you could not evenly divide lf@ves among them because there are always teiblgogalues for leaves.
Figure 7.2 shows two possible stemplots for theeshypothetical pulse data. Stempathows the digits 5, 6, and 7 used
twice; stemplob shows them used five times.

FIGURL 7.2

Two stemplots for the
same pulse rate data
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Creating a Histogram

Histograms are pictures related to stemplots. For very la@@a dets, a histogram is more feasible than a $b¢impcause it
doesn't list every data value. To create a histogiEimply divide the range of the data into intés\ya much the same way as
we did when creating a stemplot. But instead ¢ifgseach individual value, simply count how maaif into each part of the
range. Draw a bar whose height is equal to thetdourach part of the range. Or, equivalently, ettie height equal to the
proportionof the total count that falls in that interval. &ig 7.3 shows a histogram for the data from TaldleNotice that the
heights of the bars are represented as proporfiamsexample, there are six values in the per aapitome range from
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$17,000 to $17,999, so that represents 6/51 = 0r122% of the data. The heights of all of the baust sum to 1, or 100%. If
you wanted to know what proportion of the dataifetib a certain interval or range, you would simplym the heights of the
bars for that range. Also notice that if you werdurn the histogram on its side, it would lookweruch like a stemplot
except that the labels would differ slightly.

FIGURE 7.3
Histogram of per e
capira income data

Rebfve equency

111213 1415161718 19 20 21 22 23 24 .
Income in thousands of dollars

Defining a Common Language about Shape

Symmetric Data Sets

Scientists often talk about the “shape” of dataatthey really mean is the shape of the stemplbistogram resulting from
the data. Asymmetric data set is one in which, if you were to draw & linrough the centre, the picture on one side wbeld
a mirror image of the picture on the other sidesp&cial case, which will be discussed in detaCivapter 8, is &ell-shaped
data set, in which the picture is not only symneetout also shaped like a bell. The stemplots gufé 7.2, displaying pulse
rates, are approximately symmetric and bell-shaped.

Unimodal or Bimodal

Recall that the mode is the most common valuesetaf data. If there is a single prominent peak histogram or stemplot,
as in Figure 7.2, the shape is callsdmodal, meaning “one mode.” If there are two prominent gedlke shape is called
bimodal, meaning two modes. Figures 7.1 and 7.3 illustfzéthe per capita incomes in the United Statebianedal
because, as noted earlier, there appear to beltsteis of incomes.

Skewed Data Sets

In common language, something that is skewed iseaffre in some way. In statisticsskeewed data set is one that is
basically unimodal but is substantially off fromitog bell-shaped. If it iskewed to theright, the higher values are more
spread out than the lower values, as in the pataceggome data. If it iskewed to the left, then the lower values are more
spread out and the higher ones tend to be clunipes terminology results from the fact that, befooenputers were used,
shape pictures were always hand drawn using thiedmbal orientation in Figure 7.3. Notice that atpre that is skewed to
the right, like Figure 7.3, extends further to thght of the highest peak (the tallest bar) thathtoleft.

7.3 FIVE USEFUL NUMBERS: A SUMMARY

A five-number summary is a useful way to summarize a long list of numbAssthe name implies, this is a set of five
numbers that provide a good summary of the eriiteHigure 7.7 shows what the five useful numlagesand the order in
which they are usually displayed.

The lowest and highest values are self-explanaidrg. median, which we discussed earlier, is thebmrmauch that half of the
values are above it and half are below it. If tremean odd number of values in the data set, #dian is simply the middle
value in the ordered list. If there is an even nendf values, the median is the average of the Imitfeb values. For example,
the median of the list 70, 75,

85, 86, 87 is 85 because it is the middle valuthdflist had an additional value of 90 in it, thedian would be 85.5, the
average of the middle two numbers, 85 and 86.

The median can be found quickly from a stemplgieerlly if the leaves have been ordered. Usingiféig’.1, convince
yourself that the median per capita income is tth 2alue (51 = 25 + 1 + 25) from either end, whgk16,300. (Be careful
to count the values in numerical order when yougéte stem value 16, and not in the order in Wiley appear.)

Thequartiles are simply the medians of the two halves of theeed list. Thdower quartile—because it's halfway into the
first half—is one quarter of the way from the battdSimilarly, theupper quartileis one quarter of the way down from the
top. Complicated algorithms exist for finding exgaartiles. We can get close enough by simply figadhe median first, then
finding the medians of all the numbers below it alidhe numbers above it. For the per capita ireadiata, the lower quartile
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would be the median of the 25 values below the aredf $16,300, or $13,800. The upper quartile wdaeldhe median of the
upper 25 values, $18,800. Notice that these art8thdrom the bottom and the top of each half heea25 =12 + 1 + 12. The
five-number summary for the per capita income dathus:

$16,300
513,800 $18,800
$11,800 $24,600

These five numbers provide a useful summary ottitee set of 51 numbers. We can get some ideaeafiddle, the spread,
and whether or not the values are clumped at od@ethe other. Because a much larger gap existeeka $18,800 and
$24,600 than between $11,800 and $13,800, we khatthe values are probably more clumped at thed@nd and more
spread out at the upper end. In other words, timirens that the data are skewed to the right.

One final note about using stemplots in this wagmiember that we dropped the last two digits orptrecapita incomes
when we created the stemplots. If we wanted to thredexact median for the data, we would simplyrégout which value
corresponded to $16,300 on the stemplot. Scanhmist in Figure 7.1, we see that it is $16,3h@, per capita income for
Maine. Thus, the exact median is $16,310. SimiJary could find the exact values for the other foumbers in the five-
number summary. However, the truncated values framstemplot are generally close enough to gihepicture we need.

7.4 BOXPLOTS

A visually appealing and useful way to presenva-fiumber summary is througtbaxplot,sometimes called laox and
whisker plot.This simple picture also allows easy comparisotihefcentre and spread of data collected for twmane
groups.

HOW MUCH DO STATISTICS STUDENTS SLEEP?

During spring semester, 1998, 190 students in a statistics class at a large university were asked to answer a series of
guestions in class one day, including how many hours they had slept the night before (a Tuesday night). A five-number
summary for the reported number of hours of sleep is

7
o} 8
3 16

Two individuals reported that they slept 16 hours; the maximum for the remaining
188 students was 12 hours.

Creating a Boxplot s B
The boxplot for the hours of sleep is presentdeéigure of steep

7.8, and illustrates how a boxplot is construclidte ends

of the “box” represent the lower and upper quastilEhe

line in the middle of the box represents the medidre

width of the box is the distance between the loavet * *
upper quartiles, so the box has a range that ctwdfshe
data values. This distance is calledittter quartile range ‘

because it's the distance between the lower andrupp
quartiles. The lines or “whiskers” extend from thax maEmer. @ U
until they either reach the minimum (on the lefiyla PO s e 7B O s e
maximum (on the rightyr until they have already I i

extended a specified length, whichever comes fiits&.
specified length is 1.5 times the width of the bblke
asterisks indicate data values that are beyondpeified
length and are considered to be outliers. In Figue
notice that the box extends from 6 hours to 8 h¢tines
lower and upper quartiles), with the median marked
hours. The interquartile range is thus 2 hoursiffoto 8
hours), so the whiskers will extend a

maximum of 1.5x2 = 3 hours beyond the box. The left
whisker does exactly that, coincidentally reachimg
minimum value of 3 hours of sleep. The right whiske
extends to 11 hours (8 + 3), but that leaves osth¢ 12
hours and 16 hours, which are marked by asterigies.
asterisk at 16 hours actually represents two edpial
values, but there is no way to indicate that onbitweplot.
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Interpreting Boxplots

Notice that boxplots essentially divide the data fiourths. The lowest fourth of the data valuesostained in the range of
values below the start of the box, the next foigttontained in the first part of the box (betwées lower quartile and the
median), the next fourth is in the upper part eflox, and the final fourth is between the box #wedupper end of the picture.
Outliers are also easily identified. In the boxpioEigure 7.8, we can see that one-fourth of thdents slept between 3 and 6
hours the previous night, one-fourth slept betw&and 7 hours, one-fourth slept between 7 and &haund the final fourth
slept between 8 and 16 hours. We can thus imméylisde that the data are skewed to the right becthasfinal fourth covers
an 8-hour period whereas the lowest fourth covahg @ 3-hour period. As the next example illustsateoxplots are
particularly useful for comparing two or more greugn the same measurement. Although almost the isdonmation is
contained in five-number summaries, the visualldismakes similarities and differences much mondmks.

7.5 TRADITIONAL MEASURES: MEAN, VARIANCE, AND STAND ARD DEVIATION

The five-number summary has come into use relatiredently. Traditionally, only two numbers havesbaised to describe a
set of numbers: thenean, representing the centre, and #handar d deviation, representing the spread or variability in the
values. Sometimes tharianceis given instead of the standard deviation. Thedsied deviation is simply the square root of
the variance, so once you have one you can easifpuate the other.

The mean and standard deviation are most usefgyfometric sets of data with no outliers. Howeteey are very
commonly quoted, so it is important to understahdtthey represent, including their uses and thmitations.

The Mean

As we discussed earlier, thgean is the numerical average of a set of numbers.Herotvords, we add up the values and
divide by the number of values. The mean can hertésl by one or more outliers and is thus mosfuliséhen there are no
extreme values in the data. For example, suppas@n®a student taking four classes, and the nuoilstudents in each is,
respectively, 20, 25, 35, and 200. What is youiciclass size? Notice that the median is 30 stisddhe mean, however, is
280/4 or 70 students. The mean is severely affdnyatie one large class size of 200 students.

As another example, refer to Figure 7.5, which ldigp claims paid by an insurance company for dolislamages. The
majority of claims were for amounts less than $4@0@ the median claim is only $3500. But becaleeetwere a few very
high claims, the mean amount paid is $5178.

Because the mean can be distorted by outliers,imhatfving incomes or prices are usually summariagdising the median.
For example, the median price of a house in a gaven, instead of the mean price, is routinely egdiit the newspaper.
That's because one house that sold for severabmiflollars would substantially distort the mean Wwauld have little effect
on the median.

Again, the mean is most useful for symmetric data with no outliers. As another example, notia the British male
heights in Figure 7.4 fit that description. In suelses, the mean and median should be about &gudtigure 7.4, the mean
height is 1732.5 millimetres (about 68.25 inche®] the median height is 1725 millimetres (abouirng®es).

The Standard Deviation and Variance

It is not easy to compute tlstandard deviation of a set of numbers, but most calculators and coanguograms such as
Excelnow handle that task for you. It is more importanknow how to interpret the standard deviationiclvhis a useful
measure of how spread out the numbers are.

Consider the following two sets of numbers, botthvei mean of 100:

NUMBERS MEAN STANDARD DEVIATION
100, 100, 100, 100, 100 100 0
@0, @0, 100, 110, 110 100 10

The first set of numbers has no spread or vartglidiit at all. It has a standard deviation offbe second set has some spread
to it; on average, the numbers are about 10 paints/ from the mean, except for the number thatastty at the mean. That
set has a standard deviation of 10.
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Computing the Standard Deviation

Here are the steps necessary to compute the stiadeiation:

1. Find the mean.

2. Find the deviation of each value from the meamlue — mean.

3. Square the deviations.

4. Sum the squared deviations.

5. Divide the sum by the number of values —1 (rnrd3ulting in the variance.
6. Take the square root of the variance. The réstiie standard deviation.

Let’s try this for the set of values 90, 90, 1000,1110. The number of values (n) is 5

1. The mean is 100.

2. The deviations are —10, -10, 0, 10, 10.

3. The squared deviations are 100, 100, 0, 10Q, 100
4. The sum of the squared deviations is 400.

5.n-1 =5 -1 =4, so the variance is 400/4 = 100.

6. The standard deviation is the square root of @0Q0.

Although it may seem more logical in step 5 to désby the number of values, rather than by the murobvalues minus 1,
there is a technical reason for subtracting 1. rElason is beyond the level of this discussion baterns statistical bias, as
discussed in Chapter 3.

The easiest interpretation is to recognize thatstandard deviation is roughly the average distaof the observed values
from their meanWhere the data have a bell shape, the standardtibevis quite useful indeed. For example, the fBtan
Binet 1Q test is designed to have a mean of 100sastdndard deviation of 16. If we were to prodadestogram of 1Qs for a
large, representative group, we would find it tcaipproximately bell-shaped. Its centre would b&0gt If we were to
determine how far each person’s 1Q fell from 10@,would find an average distance, on one sideeoother, of about 16
points. For shapes other than bell shapes, thdatdmnleviation is useful as an intermediate toohiore advanced statistical
procedures; it is not very useful on its own, hogrev
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