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14 Descriptivestatistics

Daniel Ezra Johnson

:I - .
Introduction

When we have a small amount of data, we can avoid statistics com-

pletely.In suchcases,we caninspectanddiscusseachandeveryobservationor
datapoint.Forexample,if wemeasuredthefundamentalfrequencies(F0)of three

siblings’speech,wemightobservethatBetty’svoicewas25Hz lowerthanSue’s,

but 100 Hz higher than Frank’s. It would probably be uninterestingto report

a statistic like the averagepitch of the family. With a larger dataset,like F0
measurementstaken from 1,000 men and 1,000 women, the situation is reversed.

It isnolongerpossibleto discusseachdatapoint individually,andwhile it canstill

beusefulto makegraphsthatdisplay everyobservation,we will usuallybe less
interestedin individualpointsandmoreinterestedin thepatternsor trendsformed

by groupsof points.
This is wheredescriptivestatistics come in. Descriptivestatisticsgenerally

constitutethe secondstepin a quantitativeanalysis.The■rststepis to display

thedatain atabularor graphicalformat,usingahistogram,barchart,scatterplot,
cross-tabulation,or othermethod.This will revealanypeculiaritiesof the data
that will shapefurther analysis.For example,a severelyskeweddatasetmay
motivate a transformation,or the use of non-parametricstatistics.The second

stepis thedescriptivestatisticsthemselves,which distill thecomplexitiesof the
datadownto asmall,manageablesetof numbers,abstractingawayfrom details
(and noise) in order to describethe basic overall propertiesof the data.This

processcansuggesttheanswersto existingquestionsor inspirenewhypotheses

to be tested. .
Soif wetakeasinglevariablelike voicepitch,wecantalk aboutitsdistribution

(are all pitchesequally common or are there one or more “peaks” at certain
frequencies?),its centraltendency(what is themosttypical pitch for a woman’s
voice?), its dispersion(how much do men’svoicesvary in pitch?),as well as
higher—orderpropertieslike skewnessand kurtosis.If we take two variablesat

once,we canreporton their associationor correlation(e.g.,what is therelation-
shipbetweenvoicepitch andtheageof thespeaker?)

Descriptive statisticsdescribesamplesof data, but they do not attemptto

answerquestions(make inferences)about the larger populationsfrom which
thesamplesaredrawn.So if we measuredthepitch of twenty Englishspeakers
andtwenty Germanspeakers,descriptivestatisticsmight tell us thattheEnglish
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samplehadanaverageF0 thatwas 10Hz higher
thantheGermansample.If wewantedto know what to makeof this result —in particular,whetherthe differ-

ence could be due to mere chance (sampling error) —we could perform astatisticaltestcalleda t—test.But in doing so,we would be leavingthedomain
of descriptive statistics and entering the realm of inferential statistics
(Chapter15).

.
Different typesof variableso■encall for distinctstatisticalmethods;thesearediscussed in Section 2. Data distributions are covered in Section 3, and the

following threesectionsdiscusshow to describedistributions:beginningwith
measuresof centraltendencyor “averages”in Section4, continuingwith meas-
uresof dispersionor “spread” in Section5, and concludingin Section6 with
higher-orderdescriptivestatistics.In Section7, we discusshow to quantify the
extentto which variablesrelateto oneanother:associationandcorrelation.Since
thechapterwill havebeenconcernedprimarily with continuous,numericvaria-
bles up to this point, Section8 turns its attentionto descriptivestatisticsfor
categoricalvariables.Thechapterconcludeswith Section9.

Twesofvar-ables ‘
The mostbasicdescriptivestatisticof all refersto thetypeof variable

underconsrderatron.Until we identify thetypeof variable,wedonotknowwhich
otherstatisticsareappropriateto apply. Linguistic variables,collectedthrough

,
acousticanalysis,impressionisticjudgment, experimentalmeasurement,ques-tionnaire categories, counting within corpora, and more, run the gamut of variable
types. '

The most fundamentaldivision here is betweencontinuousand categorical
variables.Continuousvariables are numeric measurementsthat can theoreti-
cally takeon any value, or at leastany value within a certainrange.F0 is an
exampleof acontinuousvariable; in principle it cantakeon anypositivevalue
eventhough in practice no one has a meanF0 of 5 Hz or 500 Hz.

Formani

measurements, reaction times, and lexical frequencies are other examples of
continuousvariables.For truly continuousvariables,no two observationsare

Ever identical.However,we can sometimestreatmoregranularnumericvaria-
' .

les,like frequencycounts,ratingson ascale,or valuesthathavebeenrounded,
asif theywerecontinuous.Continuousvariablesarethe input to linear regres-

.
sron(seeChapter16).

It rssometimesimportantto distinguishbetweeninterval-scaleandratio-scale

,
continuous variables. Interval-scale variables do not have anatural zero point, so it
Ismeaningless to perform multiplication, division, and certain other mathematical
andstatisticaloperations.For example,on the Fahrenheitscale,it is not mean-lngful to takea ratio of temperatures,andsaythat 80 degreesis twice ashot as40 degrees.However,we can compareintervals,and say that an increaseof
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20 degreesis twice as largeas an'increaseof 10 degrees.On the Kelvin scale,

though,whereabsolutezero is de■nedmeaningfully,not only can we compare
intervals, but we can also take ratios. For example, we can indeed say that 400 K is

twice as hot as 200 K. Here and throughoutthis chapter,we will sometimes

employnon~linguisticexamplesin orderto makeconceptsor argumentsclearer.
Here, we have shown how interval-scale and ratio-scale variables can measure

temperature,with thedifferencelying in thechoiceof arelativelynon-meaningful

(Fahrenheit)vsmeaningful(Kelvin) zeropoint.A relatedissueariseswhenweuse

asubject’sdateof birth asanindependentvariable.Wecoulduse“1900,” “1925,”
“1950,” “1975,” or “0,“ “25,” “50,” “75” for the samefour speakers,and while the

meanswill be interconvertibleandthe standarddeviationswill not change,the

secondapproachgivesmoreusefulcoef■cientsin regression,sincewe will notbe

makinganypredictionsabout0 AD.
Unlike continuousvariables,categorical variableshavevaluesthat fall into

two or more distinct categories,rather than having a range of intermediate
possibilities. If therearemore than two categories,we can make a distinction
between ordinal and nominal variables. For ordinal variables, the categories

have a natural order; the categories of nominal variables have no natural order.

Classicexamplesof ordinal sociolinguistic variablesare the contraction and

deletionof theAfrican-AmericanEnglishcopula(heis tall, he3‘tall, hetall) and

the lenition of coda/s/ in Spanish,■rstto [h] andthen to zero ([03 libros, loh
libroh, lo libro). Examples of nominal variables are the alternation among that,

which, andzero in introducinga relativeclause(thecakethat I prefer, thecake
whichI prefer, thecakeI prefer), or whethera quotationis introducedwith say,

go, belike, or someothervariant.In thesecases,thereis no obviousorderingof

thepossibilities.
If thereareonly two categories,thenwe aredealingwith a binary (or dichot—

omous)variable. This type of variable is very common in linguistics, in both
phonologyandsyntax.Binary variablescaninvolve thepresencevs absenceof

someelement(e.g.,theword-■nalcoronalstopin lastchanceor thenegativenein
French).More generally,binaryvariablescancaptureanyalternationbetweentwo
possibilities,as in the (ing) variable (gone■shing vs gone■shin’), the dative
alternation(hegaveJohn the bookvs hegavethebookto John), or the particle
alternation(shetookout thetrashvsshetookthetrashout).Binary variablesare
the usual input to logistic regression (Chapter 16).

In this chapter,we will mainly discussdescriptivestatisticsas applied to
continuousvariables.Wewill coverdescriptivestatisticsfor categoricalvariables,
includingbinary variables,in Section8.

;3
Distributions

When we havea variable,especiallya continuousone, one of the
■rstthings we shoulddo is examineits distribution. The temptation is to skip
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Figure14.1.Stem-and-leafplot of daily temperaturesfor Albuquerquein 2010

aheadto summarystatistics like the meanand standarddeviation. Thesedo
describethe distribution in an overall way, but asalways,a picture is worth a
hand■rlof numbers.A distribution refers to the frequencyof the valuesof a
variable. It askshow often the variabletook on particularvaluesasopposedto
others.

This questionappliesto linguistic variablesof whateversort. Sometimes,the
distribution is expected(or hoped)to ■t a particular shapecalled normal (see
below),enablingtheuseof morepower■rlparametricstatisticsinsteadof having
to rely on lesspowerfulbut equallyusefulnon-parametricstatistics.

Supposeour variableis theaveragedaily temperaturein Albuquerquein 2010
(ADTA 2011).Naturally,thedataconsistof 365measurements.Wecandisplayit
in raw form as follows: 30, 35, 36, 33, 34,

. . .,
39, 40, 35, 37, 22 (this only shows

the■rst■veandthelast■vedaysof theyear).This formatisnotveryuse■rl.If we
‘ were interestedin 2010 for its own sake,we might want to make a plot of

.
temperatureagainsttime, showinghow thetemperaturechangedover thecourse

,
of theyear(veryroughlyspeaking,it wentupandthendown!).Thiswouldbeone
versionof abivariate(two-variable)distribution.But if we aremoreinterestedin

.
how 2010 measuresup againstother years,then we want to describethe uni-

‘ varzatedistributionof the2010data.For example,we might want.to know how
manydayswerebelow 30 degrees.(Four) And how manydayswereabove90
degrees.(None)

Thestem-and-leafplot, popularizedby Tukey(1977),is onewayof showinga
; univariatedistribution.For the2010Albuquerquetemperatures,if we divide the

_
datainto lO-degreeranges,we obtainthestem-and-leafplot in Figure 14.1.

Eachtemperatureissplit up into a“stem” anda“leaf" —for example,29 is split

.
into 2 (shownon the le■)and9 (shownon the right). The plot showsthat there

“ were4 daysin the205(22,25, 29, 29), andthatthereweremoredaysin the405
; and703 than in the 505 and 60s, and so on. Once you know how to read it, a stem-

!
and-leafplot is moreimmediatelyrevealingthanaconventionaltableof frequen-
cies, such as Table 14.1. The table shows absolute frequency (number of days in
eachtemperature range) and relative frequency, the latter expressed as a percent-

,
age(numberof days in eachrangedivided by the total numberof days,365,
multipliedlby 100). Annual temperature data have a ■xed denominator of 365 (or
366),but if we were going to comparedistributionswith different N (the total
number in a distribution is usually called N) then the relative frequency is much
more useful.

29]
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Table14.1 Frequencytableof daily temperaturesfor Albuquerquein
2010

Relative freq.

Temperaturerange Absolute freq. (days) (100 * days/365)

20—29 4 1%
30-39 54 15%
40—49 82 22%
50—59 45 12%
60—69 50 14%
70—79 96 26%
80—89 34 9%

The most commonway to display a univariatedistributionof a continuous
variable is neithera stemand-leafplot nor a frequencytable. It is the type of

graphthatPearson(1895)calleda histogram.A histogramis a kind of bar chart
(sometimes called a column chart, since the bars are vertical), with the value of the

variableshownonthex-axisandits frequencyshownonthey-axis.Wemustbreak
the continuousx-axis into categoriescalledbins,aswe havealreadybeendoing.
Thebinscanbeof anywidth,althoughthehistogramgiveslessusefulinformationif

they aretoo wide or too narrow.Figure 14.2is a histogramof the Albuquerque
' temperaturedata.Note that the histogramis essentiallyan upright stem-and-leaf

plot, minusthe detailedinformationaboutthe exacttemperatures.The heightof
eachbaris equalto thenumberof dayswheretheaveragetemperaturefell into that
bin. We seethat the distributionhaspeaksin the 405and 705,asnotedearlier.
Distributionswith twopeaksarecalledbimodal(afrequencypeakis calledamode;

seeSection 3). We also seethat there are no outliers, that is to say,no dayswhere the

temperaturewasnoticeablyhigheror lower thananyotherday.Thisdistributionis

not noticeablyskewedto the left or to theright. If therehadbeena few dayswith
temperatures in the 10s,a few in the Os,and l or 2 days below zero, that would be a
left-skeweddistribution:adistributionwith a longle■tail. Similarly,if therewerea
long right tail, thatwouldbecalleda right-skeweddistribution(seeSection6).

In reportinglinguistic research,distributionalplotsshouldbeusedmoreoften
than they are.They canbe usedin two main ways: at the outsetof analysis,to
revealtheshapeof thedata(andatthesametime,revealingwhatsimpli■cationsor
distortionsareinvolvedwith takingmeans,standarddeviations,etc.);orappliedat
the end, to the residuals (or error terms) of a linguistic model, to verify that the

variationnotaccountedfor by themodel isnot stronglycorrelatedwith anyof the
variables in the model, which would indicate a lack of ■t of the model.

In Section1,wediscussedvocalpitchof menandwomenin ahypotheticalway.
A realdatasetwith F0informationistheclassicPetersonandBarney(1952)studyof
AmericanEnglishvowels.PetersonandBarneyrecordedthirty-threemen,twenty-
eightwomen,and■fteenchildrenreadingasetof tenwords,twiceeach.Thewords
contained a range of vowels, all in the same consonantal environment: heed, hid,
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head,andsoon.TakingthemeanF0for eachadultspeakerleadsto thehistogramof
Figure14.3,whichshowsthemenin white andthewomenin grey.As we might
expect,thedistributionof F0 in Figure14.3is stronglybimodal,with apeakaround

-'- 125Hz representingthemosttypicalmenandonearound205Hz representingthe

.
mosttypicalwomen.It alsolookslike bothmenandwomen,especiallywomen,have

,
right-skeweddistributions(with longerright tails).

Wecanreducetheskewof thisdatabyperformingalogarithmictransformation
(usuallyusingthenaturallogarithm,but it doesnot matter).This makesa great
dealof sensefor F0data,becausepitch isperceivedlogarithmically:doublingthe

_,
frequencymakesthepitch go up oneoctave;quadruplingit makesit go up two

1
octaves.It is thereforenaturalto log-transformF0 (andarguablyhigherformant

: frequenciesaswell). Weseetheresultof this transformationin Figure14.4,where
the male and female distributions are still somewhat right-skewed, but less so.

Besidesits naturalapplicability to pitch data,the log transformationis often
f-employedto changethe distribution of other skeweddatasetsso that they are
fgaclosertoanormaldistribution.Normal(or Gaussian)distributionsareaparticular

family of bell—shapedcurves,asillustratedin Figure145.Theyarede■nedby two
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parameters,the meanand the standarddeviation (seeSections3 and4 below).
Figure 14.5showsthestandardnormaldistribution(standarddeviation'1)aswell

asanarrowernormaldistribution(standarddeviation0.5)andawider one(stand-
arddeviation2). They-axis is probabilitydensity;thetotal areaundereachcurve
is 1

.
A propertyof normaldistributionsisthat95percentof thevaluesfall between

—1.96and +1.96 standarddeviations from the mean,regardlessof what the
standarddeviation is. Continuousvariableso■enfollow normal distributions
quite naturally,becausea largenumberof factorscausethem to vary, and the

sumof a largenumberof randomvariablesalwaysfollows anormaldistribution
(this is calledtheCentralLimit Theorem).Othercontinuousvariables—reaction
time measurementsbeing one example—are usually log-transformedto make
themmorenormal.

Realdatawill neverbepreciselynormal,andbesidesinspectingthedatawith a
histogram, there are several other ways to estimate how close to normal a dataset

is, includingothergraphicalmethodslike thequantile-quantile(or Q-Q)plot, and
formal testslike the Shapiro-Wilk test,asdiscussedin Chapter15.Parametric
statistics,which require that databe distributednormally or accordingto some
otherprobabilitydensityfunction (seeChapter15),makeassumptionsaboutthe

Descriptivestatistics

distributionof thedata.However,datadonot haveto bepreciselynormalin order
to performmoststatisticalanalyses.Methodsarecalledrobustto theextentthey
cantoleratedeviationsfromassumptionslike normality.Non-parametricmethods
are a class of robust statistics that make no assumptions about data distribution, so
theycanbeusedwith highly skeweddata.Non-parametricmethodsarealsooften
themostappropriatechoicefor analyzingordinalandnominaldata.

5‘'Central“tendency

If weneededtodescribeavariableandcouldonly useasinglenumber,
wewould surelyreporta measureof central tendency.The centraltendencyis a
“best estimate” of the value of the variable; different de■nitions of “best" result in
different measures, such as the mean, median, and mode. It is almost always
essentialto calculatecentral tendency,as it is the principal numberthat gets
reportedfor a distribution,or comparedbetweengroups.

By far the mostcommonlyusedmeasureof centraltendencywith continuous
variablesis thearithmeticmean,or simply themean.Thearithmeticmeanis the
sum of all the values of the variable, divided by N, the number of observations.
Themeanis informally calledthe average,but this termcanbe ambiguousand

_
shouldbe avoided.When it is appropriate,the calculationof a mean(and the
comparisonof means)is thepowerhouseof descriptiveandparametricstatistics.

:5 Thereisalsoageometricmean—theNth rootof theproductof all thevalues—best
1, usedwhen(a) thequantitiesbeingcomparedareondifferentscales,or (b)whena
‘ logarithmic/exponentialrelationshipexists.For example,thegeometricmeanof

l, 10,and100is 10,whichdependingonthedetailsof thesituationmaybeamore
'_ sensiblemid-point than the arithmeticmeanof 37. A third type of mean,the

harmonicmean—the reciprocalof the arithmeticmeanof the reciprocalsof the
values—is o■enusedwhenthequantitiesareratiosor rates.Soif onetravelsfrom

2f pointA to point B at 50 miles per hour, andreturnsat 100miles per hour, the
averagespeed (total distance / total time) is the harmonic mean of 50 and 100, or
66.6 miles per hour (not the arithmetic mean, 75, or the geometric mean, 70.7).
Whiletherearefew clearapplicationsof theharmonicmeanin linguisticresearch,
notethatin the■eldof patternrecognition,theF1scoreis de■nedastheharmonic
meanof precisionandrecall.

Themedianisde■nedquitedifferently.If thevaluesof thevariableareplacedin
3 orderfrom smallestto largest,themedianis thevaluein themiddle.(If N is even,

wetakethemeanof the two middle values.)Outliers—unusuallysmallor large
values —will affect the mean, but will have little or no effect on the median, so
themedianis preferredwhen largenumbersof (valid) outliersexist.Also, if the

' distributionis very skewed(seeSection6), themeancanbe misleading.1nthe
-. million-wordBrown Corpusof English,thereare45,215wordtypes,whichoccur
j_ between1and69,836timeseach.Themeanword frequencyis 22, whichwould

point to words like refund,sphere,andFlorida as typical in frequency.But in
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reality only 10percentof word typesarethis frequentor moreso.On the other

hand, the medianword frequencyis 2, exempli■edby rarer words like kelp,

starchy,and Tchaikovsky.Some58 percentof word types are this frequentor

more so, showingthat the median,not the mean,successfully.representssome-
thing like themid-pointof wordfrequency.In thecaseof anordinalvariable,such

asthe ■ve-pointsurvey’spopular“strongly agree,agree,neitheragreenor dis-

agree,disagree,stronglydisagree,”thereis no possibility of calculatinga mean

response,becausewe only haveinformationon ordering,not distance,between

the categories.Ordinal variablesthereforecall for mediansand median-based

statistics,includingnon-parametricmethods.
.Thethird measureof centraltendencyis themode,themostcommonvaluein a

distribution.In the Brown Corpusexample,the modal frequencyfor word type
would be 1,sincemoreword typeshaveafrequencyof 1(19,130)thananyother

value.A variablealwayshasa singlemeanand a singlemedian,but it canhave

morethanonemode,if morethanonevalue is equallyfrequent.A variableWith

two modes is bimodal, but aswe saw above, the term bimodal can be applied more

broadlywheneverthe frequencydistributionhastwo peaks,evenif theyarenot
equally frequent.For a nominalvariable,with unorderedcategories(e.g.,noun,
verb, adjective, preposition), we cannot establish amean or a median; the mode is

theonly centraltendencythatis de■ned.
. .Householdincome is more tangible than most linguistic variables,and is a

classic way to explore the differences between the mean, median, and mode. We

will look at household incomes under $200,000 in the United States in 2009 (US

CensusBureau2011a).The histogramin Figure 14.6 revealsa right—skewed

distribution of income (with a longer right tail), and the mean,median,and

mode are labeled. The mean, $57,990, is equal to the total income of 'all the

households,dividedby thenumberof households.This answersthe question,“If

all theincomewereredistributedequallyamongthehouseholds,how muchwould

eachhouseholdmake?”This is an interestingquestion,but we areusuallymore
interestedin reportingtheactualincomeof a typical household.Wecando this
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Figure14.6.Histogramof2009 householdincome,with centraltendencies

labeled

with the median or the mode. The median, $47,500, would be the midpoint of all
thehouseholds,if theyweresortedby income.In otherwords,half thehouseholds
made lessthan $47,500 and half made more than $47,500 (besides thosethat made
$47,500). This answers the question, “What is the income of the middle house-
hold?” The mean is the most commonly used measureof central tendency, but it is
oftenthemedianthattellsuswhatwearemoreinterestedin knowing.Therelative

'_ positionof themeanandmedianis relatedto skewness(seeSection5). In aright-
Skeweddistribution, like this one, the mean is usually greater than the median. In a
left-skeweddistributionthemeanis usuallylessthanthemedian.Themodeis the
income bin with the most households in it; this is $22,500. The mode answers the
question, “If we choose a household at random, what is its income most likely to
be?"More householdsmade$22,500thananyotheramount.Despitetheappeal
of themode,it israrelyreportedasameasureof centraltendency(andthemodeis

‘A not necessarilya central value,just the most common value). For household
income,it is mostcommonto reportthemedian.

1nlinguistics,a commonright-taileddistributionis theZipfir Law relationship,
where,in a corpusfor example,token■equencyis inverselyproportionalto type

_
rank:themostcommonword occurstwice asoften asthe second-most-common

" word,andso on. Thesedistributionsfollow apower law ■mctionof thegeneral
1. form y = l/x, where the mean, median, and mode are far apart, a distribution much

moreskewedthananysetof acousticor articulatorymeasurementsarelikely tobe.
: As ageneralrule,weexpectrepeatedmeasurementsto approximateanunskewed

normaldistribution,wherethemean,median,andmodearequiteclosetogether.
Returningto theAlbuquerquetemperaturedata,themeantemperatureis 58.2

degrees(wecanimaginedividing all thedegreesequallyamongall thedays).The
mediantemperatureis 58.9 degrees(182 dayswere colder, 182werewarmer).
Andtherearetwo modes:5dayswere44.8degreesand5dayswere74.6degrees.

ForthePetersonandBarneypitchdata,themeanof thespeakerF0values(each
of which is itself a mean of 20 individual observations) is 173 Hz overall, 131 Hz
for men and 223 Hz for women. The median values are 163 Hz overall, 126Hz for
.menand223Hz for women.Thegenerallyhighervaluesfor themeansre■ectthe
right-skeweddistributionof the untransformedF0 data.The maledatahadtwo
modes,asthree men had FOsof 122 Hz and three more were at 126Hz. The female
.datahad four modes, with two women each at 201

,
207, 231, and 252 Hz. Recall

that for continuousvariables,no two valuesare underlyingly identical,so the
resultfor themodewill alwaysdependsomewhaton how thevaluesarebinned
(the F0 measurements were rounded to the nearest Hz, the temperatures to the
closest 1/10 of adegree; the household incomes were placed in $5,000-wide bins).

Themedian(like themode)is relatively immuneto thepresenceof outliersand
otherextremevalues,while themeanis moreaffectedby them.A few unusually
highvalueswill pull themeanup noticeably,anda few extremelylow valueswill

' ' pull it down.Sincesuchoutliersmayrepresentmeasurementerrorsor other“bad

.~
data,”wemaypreferto usethemedian,or amorerobustversionof themeansuch
asthe truncated or Winsorized mean (see Erceg-Hurn and Mirosevich 2008).
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Above, we havegraphicallydisplayedthe distributionof variablesby using

histograms.Whencomparingtwo or moredistributions,thebox plot (or box-and—

whiskersplot; Tukey 1977)is especiallyuseful.SeeChapterl5 for moredetails.

.5
. .

”Dispersion,”

A measure of central tendency describes the average,middle, or most

typicalvalueof avariable.A measureof dispersiontellsushow muchthevalues

vary on eithersideof thecentraltendency.For example,avariablewhereall the

valuesareclusterednearthemeanwould exhibit low dispersion,while awidely

rangingvariablewould showhighdispersion.Dispersionisanessentialpartof the

descriptionof any variable‘s distribution. Furthermore,a given difference in

centraltendencymeansmore in the contextof low dispersionthanhigh disper-

sion. For example,words that are twice as long as the meanmight be fairly

commonin English and evenmore so in German—but peoplewith twice the

averagenumberof toesareanextremerarity.
A commonapplicationof dispersionin sociophoneticsis to help determineif

two vowel clouds representmergedor distinct categories.One can carry out

separatet-testsfor each formant, or calculatethe position of eachdata point

along a single (diagonal) axis and perform one t-test, or use more complex

methods(e.g.,Hotellings T-squared,Pillails trace). In all cases,the greaterthe
dispersion,the greatera differencein meanposition is requiredto supportthe
hypothesisof distinct categories.Another use of dispersionis in'normalizing

vowel fonnantsacrossspeakers(e.g., the Lobanovmethod).Speakersdiffer in

their meanformant frequencies,but also in their dispersion,so both must be

equalized.
For a continuousvariable, the easiestdispersionstatisticto calculateis the

range, which is simply the maximum value minus the minimum value. This

measurementis obviously very sensitiveto outlying values.When thereareno
real outliers, it can be useful.Our daily temperaturesin Albuquerquestretched

from22to 87,sotherangeis65degrees.Weusuallyreporttherangealongsidethe
median, which is 59 degrees (rounded to the nearest degree).

Theconceptof quantiIeshelpsusto denneamorerobustandmorefrequently
used measureof dispersioncalled the interquartile range. Quantiles are the
dividing points obtainedwhen you divide the datavalues into equally sized
subsets or bins. Here, the number of observations is equal across bins, not the

width of thebins.For example,percentilesresultfrom dividing thedatainto 100
equal bins. The 50th percentile is the sameasthe median. The 25th, 50th, and 75th

percentilesareotherwiseknownasthe 1st,2nd,and3rdquartiles(thebreakpoints

from dividing the datainto four equalbins).The differencebetweenthe 1stand

3rd quartilesis the interquartilerange(IQR), a goodmeasureof dispersion.The

valueswithin the IQR comprisethemiddle half of thedata.The IQR alsoforms

the“box" partof a box—and-whiskersplot (seeChapter15).The “whiskers” of a

Descriptive statistics

standardbox plot stretchat most+/—1.5IQR oirt from theendsof thebox; any
data point further away is consideredto be an outlier. For the Albuquerque
temperatures(median 59 degrees),the IQR is 31 degrees.For Petersonand
Bamey’s male speakers’ F0 (median 126 Hz), the IQR is 22 Hz. For the female
speakers’ F0 (median 223 Hz), the IQR is 25 Hz.

By far themostcommonlyusedmeasureof dispersionis thestandarddevia-
tion,aquantityderivedfrom thevariance.Thevarianceis thesumof thesquared
distances between each data point and the mean, divided by the number of
observations, N. So for the dataset (l, 3, 4, 5, 6, 7, 9), the mean is 5, the distances
from the mean are (—4,—2,~1, 0, 1,2, 4), and the squareddistances are (16, 4, l, 0,
1,4, l6).Nis7,makingthevariance(l6+4+ l +0+ l +4+ l6)/7=42/7=6.
(By showingformulasandcalculations,this chaptersometimesgoesover math

‘1' thatin practiceis doneby acomputerrunningastatisticspackage.However,it is

~.
usefulto understandwhat is goingon insidestatisticaloperationsandtests,which

’ canotherwnsebecome“black boxes”) Thestandarddeviationis thesquareroot of
the variance,or in this case,\/6 = 2.45. Taking the squareroot ensuresthat
theunits of the standarddeviationarethesameastheunitsof the original data.
This makes the standard deviation easier to interpret than the variance, which will
oftenbe expressedin unnaturalunits suchassquaredegrees,squaredollars,or
squareHz.

Whenthedataareasampledrawnfrom a largerpopulation—like thePeterson

.--.
andBarneyF0 data,but not theAlbuquerquetemperaturedataor theUS house-

,
hold incomedata—we must replaceN with N —1 in thevarianceandstandard

'
7, deviationformulas.The samplevarianceabovewould be 42 / 6 = 7, and the

- i
samplestandarddeviationwouldbe \n = 2.65.(ThereasonweuseN ——1instead
of N in the divisor, called Bessels correction, is becausewe would otherwise be
underestimatingthevarianceandstandarddeviationby usingthedistancesof each
pointnom thesamplemeaninsteadof thepopulationmean.)

”No distributionscanhavesimilarmeansbutverydifferentstandarddeviations
.i-(andvice versa).We recall that the meanof the 2010Albuquerquetemperature

.. .-
distributionwas58.2degrees.Thestandarddeviationof these365temperaturesis

-"' 16.5degrees.In SanFranciscoduring thesameyear,themeandaily temperature
" was57.5,almostthe sameasin Albuquerque.But in SanFrancisco,the standard

deviationwasonly 6.0degrees,renectingthemuchsmallerseasonaltemperature
vanationin thatcity.

.
The standarddeviation for the F0 of the PetersonandBarneymalespeakers

1817.0Hz, and for the femalespeakersit is 20.5Hz. Wecanseethat for these
data, whether we use IQR (22 vs 25) or standard deviation (17 vs 20.5) as a
measureof dispersion,we nnd the value for the womenis slightly higher than
for the men. Figure 14.7 illustratesthe dispersionof the Petersonand Barney
F0 measurements,separatedbetweenmen and women. For each group, the
ngure shows a box plot, which identines the median and the IQR, and a
histogramlabeledwith themeanand+/—l and+/—2 standarddeviationsfrom
themean.
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