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Abstrad
Averaging scores diff ers from averaging numbersin that behavioral issues are built i nto scores.
The behavioral isaues are the weight attadched to a score and the metric on which the scores have
been gathered. A single equationis propaosed, derived from Aczél’s (1966 model of the
quasili nea mean, that encompases the standard measures of central tendency. The equation
allows for differential weighting of scores, and also addresses the metric isaue by incorporating

resporse transformation.
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A Mean For All Seasons

A frequent research agenda for psychalogistsis to establish the empiricd conredion
between stimulus and resporse. Resporse variabilit y often threaensto olscure the connedion.
To surmourt that chall enge, behavioral reseachers combine scores over subjeds and/or
occasions. The resporses to a stimulus can be represented with asingle value, an average.
Behaviora reseachersinherited this methoddogy from astronamers, who began the study of
statistics ®vera hunded yeas ago (Stigler, 1986, and it has become standard pradicein
psychalogy.

What isthe aiterion by which ore single-valued summary statistic better represents the
scores than another? Why not simply apply the same statistic in all cases? If we were areraging
abstrad numbers, we would foll ow the standard procedure of using the aithmetic mean, and
there would belittl eto discuss However, behaviora isues attadched to scores can make them
not be cmmparable, so that all scores, though they shoud be @mnsidered in the arerage, ought not
to contribute to it in the same way. The purpose of thisessay isto show how the reseacher’s
stanceregarding those behavioral isaues siggests the gpropriate average.

The two behavioral isaues are the weight that eat score shoud cary, and the metric that
has been used to gather the scores. All of the usual measures of centrality can be expresedina
single equation. The equation has two elements built i nto it, refleding the two pertinent issues
that might be dtadhed to ascore. These two elements provide the flexibilit y that allows one
expressonto describe the variety of averaging formulasin common usage. An averageisa
weighted sum applied to values represented ona distance metric, wherein the sum of the weights
isone. The equationwill be more cmprehensible if we first examine how weights and dstance

metrics operate.
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Weights

The traditional psychologicd courterpart of weight isimportance. It islinguisticdly
more neutral to think of weights smply as loadings, based onrelative contribution d some kind.
A suitable average shoud compensate for unequal contributions. Scores that incorporate more
observations or are deemed more reli able might court more heavily. It might also be feasible to
employ weights estimated within a prior study that validated a cognitive model (Zalinski &
Anderson, 199). For example, in combining predictions (Clemen, 1989, one might apply
source aedibility weights (Rosenbaum & Levin, 1969 estimated for forecasters with varied
degrees of experience

Consider the batting average of a baseball team or subset of its players. Computing the
ordinary mean o the individual batting averages (BAs, defined asthe ratio of hitsto batting

oppatuniti esl) yields an incorred value for the team as a unit, because the players need na have

batted an equal number of times. The gpropriate rule that combines individual performanceinto
amean can represent two separate agpeds of the data wlledion process oneisindividua batting
performance, and the other is number of oppatunitiesto bet. Let's sy there aefive players,

whose individual averages are shownin Table 1.

Insert Table 1 here

The mean o theindividual BAsis (.200+ .400+ .300+ .100+. 250 / 5 =.250, bu that

ismisleading because the overall BA for thetean is 142760=.187. A corred groupresult is
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obtained if theindividual BAs are weighted by the player’s propation d the total of 760

oppatunities:
10 x.200+ >0 X .400+@>< 300+ ﬂ)x 100+ @x .250=.187
760 760 760 760 760

This average is meaningful in the sense that it informs us how well the team is batting as a
whale, which isrelevant to baseball success If we want to determine whether the team’s new
batting coach got better performance out of the players than last yea’ s coach, comparing viathe
weighted average is appropriate. Before dismisgng the aithmetic mean as meaningless though,
we note that it estimates the probability that arandamly seleaed team member will get ahit at
his next oppatunity. That prediction heslittl e value in the world of baseball, so we need na
bather with the statistic. The important point is that substantive knowledge is required to dsmiss
it, in this case knowledge of the fad that batters are nat chasen randamly from the popdation o
tean members. Thisill ustrates the fad that diff erent means for diff erent purpases can be
cdculated from the same data. The gpropriate measure of central tendency depends uponthe
analyst’s purpcse.
An lllustration —Weighting Self-Reports

Suppase areseacher has conducted a study whose am is to contrast two alternative diet
and exercise regimens designed to reduce obesity. At the beginning of the study, volunteas
cometo the laboratory. Body Massindices (BMIs) are measured prior to assgnment to the
experimental condtions. At the end d the study period, the patients are suppased to return to the
laboratory to have BMIs assessd again.

However, a substantial number of the patientsin bah condtions are unable to return to

the laboratory and instead phorein their current BMIs, determined using their home scdes. The
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reseacher is aware from the literature that people ae not always acairate in reporting BMI under
these drcumstances.

One may, of course, simply accept the self-reports at facevalue. If the reseacher is
willi ng to doso, then noanalytic adjustment isin arder; the ordinary, equal-weight mean is
appropriate. A cynicd reseacher might simply add afixed percentage to the reported values, bu
thereis no clea-cut justificaion for assuming that all patients under-report. A more defensible
palicy isto give lesscredibility to the phore reports viaweighting. For example, ore might
deadethat aphorereport is haf as credible s adired observation.

With equal weighting, ead score within agroupisimplicitly assgned aweight of 1/n,
where n isthe number of scoresin the group. To assgn urequal weightsin acaord with a
predetermined ratio (2 to 1for dired observations vs. phore reportsin this example), court the
number of scoresin ead subgroup. For example, suppcse there ae six diredly observed scores
(25, 25, 25, 30, 30, 3@ndfour scoresreported by phore (23, 23, 29, 2R Multiply the numbers
of scores by 2 and 1respedively, so that the total is (2 x 6) + (1 x 4) = 16. Divide the multiplier
by this sum to get the weight for ead score. Thus, ead of the six diredly observed scoresis
assgned aweight of 2/16,and eat of the four phore reportsis assgned aweight of 1/16.
Acoordingly, the weighted mean BMI for the ten scoresis 27.125. Note that the weighted mean
is dightly higher than the unweighted mean BMI of 26.9,refleding the lower credibility given to
the phore scores.

The weighting scheme, assgning half as much weight to scores reported by phore, was
adoped arbitrarily in the example. We ae not very knowledgeable abou trandating the
construct of credibility into spedfic weights. If we had instead presumed that phore reports

merit one-third the weight of diredly observed scores (the cdculated weights would be 3/22 for
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dired observations and 122 for phore reports), the resulting weighted mean BMI would have
been 27.23. If the phore reports had been given zero weight, so that they were completely
ignored, then the weighted mean BMI would have been 27.5.

Our exampleill ustrates that weights are often determined subjedively, athough there ae
obwviousrisks. We might get better estimates of the gpropriate weightsif we wuld €licit
opinions from experts (Von Winterfeldt & Edwards, 1989 in the telephore survey domain.
Reseachers who employ experts for this purpase shoud spe&k to their acaeditation when
reporting the results. The dternative, obedive approach of determining weights using regresson
analysis al ows variability, in the form of intersubjea agreement, to contribute to the weighting.
Our view isthat extent of consensusis nat pertinent to the importance of a score.

Distance metric

The problem of the distance metric aises when the scores we observe ae nat linealy
related to those onthe respondent’ sinternal scde. That is, something abou the judgmental task
or elicitationtechnique distorts the respondent’ strandation d interpoint distances, so that equal
intervals on the overt resporse scde do nd refled equal subjediveintervals. Systematic
distortion may result from a behavioral processthat we can understand. Analysis of that process
can suggest atransformation that will undothe distortion. Rather than seeking a spedalized
statistic, we can instead use that transformation and average in afamiliar way. The procedureis
to transform the scores, compute a(possbly weighted) mean, and then apply the inverse
transformation to the result.

Transformations have long been advocated for various gdatisticd purpases, particularly to
stabili ze variance and to reduce nontnormality. In fad, transforming and weighting have both

been propased in spedfic averaging contexts, with simil ar statisticd motivation. For the
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averaging of correlation coefficients, Fisher’s z transformation has been a standard
recommendation. Silver and Dunlap (1987 and Strube (1988 reported that badtransformed z
transformations of r were lessbiased than simple arerages of r. Stanley and Porter (1972 added
weighting, in this case by sub-sample size, to the discusson. Becaise @rrelationisnot adired
function d apsychadogicd distance, the present approach daes not suggest a particular
transformation.
Generali zed Averaging Equation

Weiss (1975 discussed a dassof models for averaging derived from what Aczél (1966
cdlsthe quasili nea weighted mean. This classincludes the geometric mean, harmonic mean,
and root-mean-power. If we extend Aczél’ s bisedion equation to acaommodate n scores, it isthe

answer to ou quest for the general expresson for the arerage resporse:

R =f "Hw,f (Ry)+ wyf (Rp)+...+ wpf (R )], where dl w; >vxv'ndviw; = 1 (1)

The equationincorporates posshble differential weighting viathew;. It also providesfor a

paossble norlinea distance metric viathe transformation functionf. Applicaion d the inverse
transformationf * ensures that the measure of central tendency has the same units as the original
resporses.

Examples of f that lead to well-known measures are f(R) = log (R), the logarithmic
transformation, and f(R) = Rz, the roat-mean-square. Whenever f isa continuots, strictly
monaonic function that has an inverse, an average can be defined, though orly afew have
spedfic names. Psychadogicdly, f ! isthe function that the task induces the subjed to apply in

tranglating from internal representationto overt resporse. Thus, bah o the adjusting elementsin

the equation, the w; and f, have behavioral meaning.
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There aethree éements to the equation —weights, transformation function and
observations. Nothing else entersinto the averaging formulation. All of the usual measures of
central tendency, including the median, trimmed mean and mode, can be seen as instances of the
equation; the latter statistics assgn zero weight to observations whose identity can be determined
only after the data ae examined.

To Transform or Not To Transform

How isthe reseacher to know whether transformation is needed? Our statistica
colleagues have agued that data themselves proclaim their need to be transformed (Box & Cox,
1964 Hinkley & Runger, 1984. According to this perspedive, ided data have threeproperties:
normal distribution d errors, hamogeneity of variance, and smplicity of interpretation (e.g.,
main effeds withou interadion) (Bartlett, 1947. The analyst transforms the observations in the
hope of obtaining agoodfit to alinea model. Box and Cox (1964 ill ustrated the dficacgy of a
particular family of transformations, indexed by a small number of parameters, that did
remarkably well in oltaining the desired results. Thereis no guaranteethat al three
charaderistics of an ided representation will be atieved, bu it is not entirely coincidental that
the same transformation fulfill s multi ple objedives. If the data have the hypothesized uncerlying
structure and the observations have been dstorted in away that the transformation can undo,
then the goproach will achieveits goals.

Underlying our perspediveis abelief that the respondents experience and the demands
imposed by the task combine to generate an internal continuum along which values are located.
An olserved resporse is aprojedion from the internal value, the “true” resporse, inspired by the
stimulus onto the scdeimposed by the reseacher. The unstated contrad, assumed by both

reseacher and respondent, isfor the projedionto be & closeto linea as possble. If the
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projedionislinea, then the reseacher can analyze the resporses as the respondent intended to
expressthem. Thereseacher’s goal in averaging observations aaosseither trials or participants
isto overcome the variability inherent in bah the seledion d theinternal value andthe
projedion process and thereby to estimate the typicd projeded resporse to ead stimulus.

Instruction and training may help the respondent to achieve the desired linea projedion.
However, some instruments or tasks may consistently induce nonlinea projedions; in effed, the
transformation functionf is applied to the true resporses. If the observed respornses are not
linealy related to the internal resporses, it is appropriate to undothat distortion. But sincethe
reseacher does not have dired accessto the true values buried inside the responcdents’ heads,
how does one know whether distortion hes occurred?

There aetwo plausible ressons to dedde that the datato be wlleded will need to be
transformed. First, the reseacher may anticipate that atask will im pose systematic distortion. A
transformation that will undothe distortion can be speafied in advance For example, Weissand
Gardner (1979 squared resporses in a study of subjedive hypotenuse estimation, in acard with
the normative view that the judgment cdlsfor internal computation d the square roat of
apparent lengths. Similarly, Tversky and Russ (1969 analyzed logarithms of judgments of
apparent size, reasoning that people respond wsing distanceterms but envision areas as products
of distances.

An empiricd inferencethat distortion hes occurred is avail able when raw data exploring
the same underlying construct, bu colleded using diff erent response tasks, do nd exhibit the
expeded congruence (Birnbaum & Veit, 1974. Thereseacher can dedde, onextra-statisticd

grounds or perhaps even arbitrarily, which respornse mode will be ansidered the standard. Then
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when another mode is used for data @ll edion (perhaps becaise responcents find it comfortable),
the transformation that has united the results from previous gudies can be spedfied in advance

The dternative justificaion for transformation is the reseacher’s conviction that a
particular processgoverns generation d the resporses at an internal level, but the dicitation
method may distort the internal resporsesin an unknavn, albeit systematic, way. A
transformationis ught that provides agreament with data patterns predicted by the behavioral
model, given the usual restriction that the transformation be monaone (Krantz, Luce Suppes, &
Tversky, 1971). If the model adequately describes the transformed data, then the obtained
transformation may be gplied routinely when similar stimuli and resporse procedures are used
in future studies. This approadh may be tracel to seminal papers by Anderson (1962 and by
Luce and Tukey (1964). An example ill ustrating transformation to additi vity for a bisedion task
isgivenin Weiss(1975. Additivity was ught not to find a structurally simple way to describe
the data, bu because an additive model was theorized to be an appropriate description d the
behavior at theinterna level. The model provides the leverage to derive the transformation
conreding internal resporses to their observed courterparts. The raw data were not additive,
and hed na been expeded to be. If no monaone transformation could bring abou additi vity,
then the model would be falsified. Rather than being speafied in advance, the form of the
succesgul transformation was an experimental outcome. Because the transformationis data-
dependent, it is subjed to sampling error and therefore reproducibility isa concern.

These aguments for transformation are psychaogicd rather than statisticd. We
adknowledge drcumstances where transformation can be justified statisticdly, with an eye
toward increasing power when comparisons are to be made (Anderson, 2001 Levine & Dunlap,

1983 Ratcliff, 1993. Typicdly, such cases arise when the resporse is a physica measure rather



Mean For All Seasons 12

than an opgnionexpressed by asubjed. We seeno lkehaviora reasonto prefer measuring
resporse time rather than its redprocd, resporse speed (Anderson, 196}, so transforming to the
scdethat yields greaer power is not objedionable. A physicd scdeis“esentialy an arbitrary
choiceof the scientist or instrument maker” (Mandel, 1979. There ae groundsin the literature
for making a prior determination in favor of speed measures, which generate more power (Levine
& Dunlap, 1983. Power is affeded because transformations ater variances as well as means.
Example of Transformation
The geometric mean (the n-th roat of the product of n numbers) isthe dasscdly
recommended (Stevens, 1955 way to average magnitude estimates. Magnitude estimationisa
methodfor €liciting subjedive magnitude dnampioned by Stevens (1958. Therespondent is
instructed to assgn numbers to stimuli such that the numbers are propartional to apparent
magnitude. Stevens'srationale for using the geometric mean is that responses are often olserved
to be goproximately normally distributed when plotted onalogarithmic scae. It would seem
equally plausible to apply the transformational approad, in this case ammputing the mean o the
logarithms of the resporses. The (distance metric) rationae for transformation is the behavioral
theory that the magnitude estimation task induces a power resporse function ontrue subjedive
magnitude (Birnbaum & Veit, 1974. These two ways of handling the data, either by computing
the geometric mean or by computing the mean of the logarithms, are mathematicdly equivalent.
If the resporses to astimulus are 16, 24,and 36,then the geometric mean, the aube roat of 16 x
24 x 36,is24. Equivaently, etothe (In 16+ In 24+ In 36/3 pover is 24.
The Median
The median isthe gpropriate measure of central tendency when thereis no applicable

distance metric, so that validity attaches only to the ordering of the scores and nd to their



Mean For All Seasons 13

magnitude. Indedl, for ordinal data, only order statistics such as the median satisfy the plausible
criterion d “comparison meaningfulness’ (Ovchinnikov, 1996 Ovchinnikov & Dukhovry,
2002. However, use of the median has also been recommended when numericd data cme from
askewed dstribution (Stevens, 19585.

What isthe arerage of a set of salaries? Suppase the enployees of a department within a
corporation are paid as foll ows:
$14,400 $14,400 $14,400 $14,400 $16,800 $16,800 $16,800 $18,000 $19,200 $19,200
$19,200 $24,000 $26,400 $54,000 $72,000. All but the last two employees are derks; the last
two are Asgstant Manager and Manager.

Thefirst thought isto cdculate the aithmetic mean o the 15 salaries - $24,000. How
can we judge the gopropriatenessof that number? Appropriatenessfor what purpose? Someone
who wanted to argue for increasing those salaries might argue that inclusion d the last two
figures makes the mean too large. That person might prefer the median, which is $18,000. The
company’ s management might prefer the mean. Either number istechnicdly acceptable.

Other technicdly acceptable numbers can be cdculated for other purposes. Suppase we
argue that the way one thinks about a salary shoud depend onits utility. If we accet Galanter’s
(1990 conclusionthat utility is approximately the square roct of dalars, then the mean salary to
which that conclusionleadsis $22,237. If instead we use the utilit y function proposed by Breault
(1983, apower functionwith exporent .43,the mean salary is $22,027.1n ou view, al of these
means are accetable. If we were mnsultants, we might well choose the one that seems most
defensible and still serves our purpose best.

A mean represents a “typicd” score— bu what does “typicd” mean? The answer is not

obvious. Different criteriaof typicdity lead to dfferent cdculations. We ae propaosing li nes of
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thought to guide choice anong them. But the lines do nd provide unequivoca answers.
Calculation d means $houd be based onEquation 1and an underlying theoretica structure.

The faad that two utility functions were deployed in the example highlights the limitation
of the propased weighted mean/distance metric goproadh, namely that the analyst needs to know
the gpropriate weighting and transformation. Incorporating prior knowledge into a statisticd
formulationis a ancept with which Bayesians (Edwards, Lindman, & Savage, 1963 are drealy
comfortable. Here we extend that ideafrom the world of inferential statistics to that of
descriptive statistics.

Behaviora Indices

The impetus for this re-examination d averaging was a neel to average observed CWS
scores (Weiss& Shanteau, 2003. The CWSindex isan empiricd measure of judgmental
expertise that does not depend on knaving corred answers. Insteal, the index captures a
candidate’ s ability to assgn dff erent ratingsto dfferent stimuli and similar ratings to similar
stimuli. With an experimental design comprised of repeaed presentations of a set of various
stimuli to an individual, the CWS index may be computed as theratio of between-stimulus
varianceto within-stimulus variance When we first began representing the typicd expertise of a
group d professonals using the new index, we foundthat the aithmetic mean of a set of CWS
scores could be heavily influenced by extreme values, just asin the salary example éove. We
then thought we might borrow a better methodfor averaging CW'S scores from the standard
procedure for averaging F-ratios. A seach o the literature reveded noextant recommendation.

Weill ustrate how the generali zed averaging equation can be used to derive an appropriate
mean. Inthe cae of F-ratios, the scores do nd comprise a olledion d individual resporses, but

values of an index derived from a set of resporses. The transformational approach we espouse
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cdlsfor use of the square roat transformation, kecause the values to be areraged involve squared
original distances. The key constituent of an F-ratio, the sum of squares for an effed, isrelated

to the square of apsychologicd distance a expressed by the respondent (SS, is propattional to

2
3 Ap , wherethe An’s are the diff erences between marginal means for the levels of the variable

A). Therefore, we propacse that the arerage F-ratio is the square of the mean o the square rocts
of theindividual F's. Our aim isto average onthe continuum onwhich lie the behavioral values
to be summarized.

Choasing a Transformation

Méll ers and Hartka (1989 reanalysed and repli cated a study by Anderson (1976, in
which participants were given information abou how well two people had worked onajob and
how much ore of them had been paid. The participants were asked to determine the “fair”
payment for the other worker. Both sets of data could be monaonicdly transformed to
additivity, aresult that Mell ers and Hartka interpreted as suppating a subtradive model (which
despiteits nameis an instance of additivity, becaise the model implies nointeradion) with a
norlinea resporse function. Mell ers and Hartka noted that a douldy bounded resporse scde,
such as a standard rating scde, could be expeded to show floor and celli ng effeds that could be
transformed away.

Rather than all owing the MONANOVA algorithm (Kruskal and Carmone, 1969 to
seach for atransformation that would work, we would propose that an arcsin transformation
applied to the resporses might have brought the means into conformity with the proposed
subtradive model. That particular transformation has long been used with sigmoidal data
(Cochran, 1940, because the acsin haslittl e dfed onintermediate values, bu stretches out the

ends of the scde. Spedfying the transformation in advanceis a more definiti ve statement, ore
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justified by Mellers and Hartka' s (1989 acwurt of the distortioninduced by the respornse scde.
If this hypotheticd operation had been able to make the transformed means plot in acerd with
the parall el pattern cdled for by the model, then subsequent reseach using tasksin which
responcents make similar judgments (e.g. Singh, 1995 might fruitfully apply the same
transformation. Note that additivity is ought in this stting becaise the model is held to describe
the psychalogicd processby which people judge equity, na becaise an additive representationis
structurally simple.

Concluding Remarks

In 1955,Stevens pulished alandmark paper that discussed severa alternative measures
of central tendency. Stevens (1955 provided atheoreticdly grounded taxonamy of the
measures, bu at the same time mnveyed the sense that one must look at the data to make the best
choicefor aparticular application. We cetainly do nd wish to spe& against the ideaof
scrutinizing one' s data, but that guideli ne has always semed insufficient. Why, for example,
shoud the harmonic mean be used to average speeds, or the geometric mean to average
magnitude estimates? Sometime amedian was deemed best. It all seamed so arbitrary, as
though ore needed to have &sorbed the gpropriate scientific folklore to choase @rredly among
competing descriptive statistics.

Equation 1formalizes the folklore. The reseacher’s duty includes gedficaion d the
behaviora theory that justifies a particular weighting scheme or transformation. We link the
mathematicd madhinery, the weighting and dstance metrics that distinguish ore summary
statistic from ancther, to behavioral constructs. In dang so, we ae foll owing atraditi on that
stresses the importance of substantive theory in resolving measurement problems (Anderson,

1979 Luce 1996.
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In propasing substitutes for the aithmetic mean, Stevens's (1955, p. 11Bexpressd godl
was to undothe bias that results from skewed distributions. Skewnesswas viewed asasign of a
nonlinea relation ketween olserved values and the underlying variable of interest. The strategy
appeas predicated onabelief that nature provides normal distributions when unolservable
psychologicd quantities are measured properly. Stevensintuiti vely grasped the importance of
the distance metric when he agued that it is“more sensible to average loudressthan to average
dedbels’. Our interpretation d that statement is that Stevens appredated that averaging shoud
take placeon the psychaogicd continuum, even when respornses are expressed in physicd units.

Our recommendations for averaging data ae not inconsistent with thase of Stevens,
though ou justificationis quite different. It isthe generalized averaging equation,amodel for
averaging, that suppats transformation and urequal weighting. We might chooseto apply a
logarithmic transformation to magnitude estimates of individual stimuli (or equivalently, to
present geometric means as average resporses), just as Stevens would, bu not in arder to undo
skewnessor to stabili ze variance In seleding a prior logarithmic transformation, we would be
acceting Birnbaum and Veit’s (1974 contention that the task itself induces atransformation on
theinternal resporses. Our objediveisto average those internal resporses, agoal Stevens
understood bu did nd regard as primary. Alternatively, if we employed an integrationtask in
which responcents provided magnitude estimates of the combined value of two stimuli, the
additional leverage provided by a aognitive model would all ow us empiricdly to estimate the
transformation that maximized agreament with the model (Weiss 1975. That transformation
might turn ou to be logarithmic, though it need na. Infad, for magnitude estimates of the
average darknessof two gray chips, geometric means did na yield results consistent with an

additive model (Weiss 1972.
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We dso dffer from Stevensin that we do nd advocate presenting a transformed version
of the data. The inverse transformationis applied to the arerage of the transformed scores
(Edwards, 1966, so that a mean oltained from the general averaging equation maintains the
units of the original resporses. When we plot mean resporses against the independent variable,
we employ the unitsin which the data were lleded. If individual responses were expressed as
probabilit y estimates or as ratings on a particular scde, then so ought to be the mean that
describes atypicd response acosssubjedsor trias.

How one choases to integrate the scores makes adifference At the heat of science ae
the empiricd lawsthat reseachers discover. An empiricd law isthe observed functional
relationship between a set of stimulus objeds and the typicd resporse inspired by eat o those
objeds. However, participants provide individual resporses; it isthe reseacher who deades
how to represent thase resporses. Any average described by Equation 1,including the austomary
default choice the aithmetic mean, will yield an interpretable value.

If the reseacher makes a good case that a particular law ought to conrned the values of a
guantitative independent variable and the typicd resporses, the fad that the data ae wnsistent
with that hypothesized conredionwhen ore mean is employed, and are not when a another mean
is employed, suggests that the former is a preferable summary statistic. The enduring controversy
over the form of the psychoplysicd function (Krueger, 1989 may bein part attributable to
variations among the averaging methods used by reseachers (Myung, Kim, & PFitt, 2000.

Our take-home message is that we ourselves do nd hesitate to depart from the routine
pradiceof employing arithmetic means when describing data. At the sametime, we consider it
our resporsibility to justify the departure not merely by citing tradition, bu by articulating a

theoreticd stance Just as reseachers use prior knowledge and theory to choaose the behavior to
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observe, so too must they exercise judgment in choasing the statistic that most acarately
exemplifies the pertinent group d resporses. As consumers of reseacch, wetendto be
sympathetic to any well-reasoned choice

The present discusson has been concerned with descriptive rather than inferentia
statistics. If weighting or transformation is needed to depict atypicd value in a given context,
then ore might consider the same operationto be gpropriate for scores sibmitted to significance
tests. The dfed of transformation oncomparisons of means has been examined for many yeas
(Bartlett, 1947 Doksum & Wong, 1983, bu the study of unequal weighting is only getting

started (Wil cox, 2003.
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Footnote
'Batti ng average & defined by organized baseball omits certain batting oppatuniti es that

do nd yield hits; among them are walks and saaifices. Thisinacaracy isan attempt to avoid
charging the player for anon-hit that may contribute positi vely to the team’ s performance
Therefore, batting average does not quite refled the propation d hits. Baseball statistics also
include another index that weights for the differential value of hits, the Slugging percentage, in
which hame runs court more heavily than singles. The batting average is the figure that leads to

an annwal individual award.
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Tablel

Individual Batting Averages for Five Players

Player A B C D E

Reoord 2for 10 20for 50 30for 100 40for 400 50for 200

Individual BA .200 .400 .300 .100 .250



