
A frequent research agenda for psychologists is to es-
tablish the empirical connection between stimulus and 
response. Response variability often threatens to obscure 
the connection. To surmount that challenge, behavioral re-
searchers combine scores over subjects and/or occasions. 
The responses to a stimulus can be represented with a 
single value, an average. Behavioral researchers inherited 
this methodology from astronomers, who began the study 
of statistics several hundred years ago (Stigler, 1986), and 
it has become standard practice in psychology. 

What is the criterion by which one single-valued sum-
mary statistic better represents the scores than another? Why 
not simply apply the same statistic in all cases? If we were 
averaging abstract numbers, we would follow the standard 
procedure of using the arithmetic mean, and there would 
be little to discuss. However, behavioral issues attached to 
scores can make them not be comparable, so that all scores, 
although they should be considered in the average, ought 
not to contribute to it in the same way. The purpose of this 
article is to show how the researcher’s stance regarding those 
behavioral issues suggests the appropriate average.

The two behavioral issues are the weight that each score 
should carry and the metric that has been used to gather 
the scores. All of the usual measures of centrality can be 
expressed in a single equation. The equation has two ele-
ments built into it, reflecting the two pertinent issues that 
might be attached to a score. These two elements provide 
the flexibility that allows one expression to describe the 

variety of averaging formulas in common usage. An aver-
age is a weighted sum applied to values represented on a 
distance metric, wherein the sum of the weights is one. 
The equation will be more comprehensible if we first ex-
amine how weights and distance metrics operate.

Weights
The traditional psychological counterpart of weight is 

importance. It is linguistically more neutral to think of 
weights simply as loadings, based on relative contribution 
of some kind. A suitable average should compensate for 
unequal contributions. Scores that incorporate more ob-
servations or are deemed more reliable might count more 
heavily. It might also be feasible to employ weights esti-
mated within a prior study that validated a cognitive model 
(Zalinski & Anderson, 1991). For example, in combining 
predictions (Clemen, 1989), one might apply source cred-
ibility weights (Rosenbaum & Levin, 1969) estimated for 
forecasters with varied degrees of experience.

Consider the batting average of a baseball team or a 
subset of its players. Computing the ordinary mean of the 
individual batting averages (BAs, defined as the ratio of 
hits to batting opportunities1) yields an incorrect value 
for the team as a unit, because the players need not have 
batted an equal number of times. The appropriate rule that 
combines individual performance into a mean can repre-
sent two separate aspects of the data collection process: 
individual batting performance and number of opportu-
nities to bat. Let’s say that there are five players, whose 
individual averages are shown in Table 1.

The mean of the individual BAs is (.200 � .400 � .300 � 
.100 � .250)/5 � .250, but that is misleading, because the 
overall BA for the team is 142/760 � .187. A correct group 
result is obtained if the individual BAs are weighted by the 
player’s proportion of the total of 760 opportunities:
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This average is meaningful in the sense that it informs us 
how well the team is batting as a whole, which is relevant 
to baseball success. If we want to determine whether the 
team’s new batting coach got better performance out of 
the players than did last year’s coach, comparing via the 
weighted average is appropriate. Before dismissing the 
arithmetic mean as meaningless, though, we note that it 
estimates the probability that a randomly selected team 
member will get a hit at his next opportunity. That predic-
tion has little value in the world of baseball, so we need not 
bother with the statistic. The important point is that sub-
stantive knowledge is required to dismiss it—in this case, 
knowledge of the fact that batters are not chosen randomly 
from the population of team members. This illustrates the 
fact that different means for different purposes can be cal-
culated from the same data. The appropriate measure of 
central tendency depends on the analyst’s purpose.

An Illustration: Weighting Self-Reports
Suppose a researcher has conducted a study whose 

aim is to contrast two alternative diet and exercise regi-
mens designed to reduce obesity. At the beginning of the 
study, volunteers come to the laboratory. Body mass in-
dices (BMIs) are measured prior to assignment to the ex-
perimental conditions. At the end of the study period, the 
patients are supposed to return to the laboratory to have 
BMIs assessed again.

However, a substantial number of the patients in both 
conditions are unable to return to the laboratory and, in-
stead, phone in their current BMIs, determined using their 
home scales. The researcher is aware from the literature 
that people are not always accurate in reporting BMIs 
under these circumstances.

One may, of course, simply accept the self-reports at 
face value. If the researcher is willing to do so, no ana-
lytic adjustment is in order; the ordinary, equal-weight 
mean is appropriate. A cynical researcher might simply 
add a fixed percentage to the reported values, but there 
is no clear-cut justification for assuming that all patients 
underreport. A more defensible policy is to give less cred-
ibility to the phone reports via weighting. For example, 
one might decide that a phone report is half as credible as 
a direct observation.

With equal weighting, each score within a group is im-
plicitly assigned a weight of 1/n, where n is the number of 
scores in the group. To assign unequal weights in accord 
with a predetermined ratio (2 to 1 for direct observations 
vs. phone reports, in this example), count the number of 
scores in each subgroup. For example, suppose that there 

are 6 directly observed scores (25, 25, 25, 30, 30, and 30) 
and 4 scores reported by phone (23, 23, 29, and 29). Mul-
tiply the numbers of scores by 2 and 1, respectively, so that 
the total is (2 � 6) � (1 � 4) � 16. Divide the multiplier 
by this sum to get the weight for each score. Thus, each of 
the 6 directly observed scores is assigned a weight of 2/16, 
and each of the four phone reports is assigned a weight 
of 1/16. Accordingly, the weighted mean BMI for the 10 
scores is 27.125. Note that the weighted mean is slightly 
higher than the unweighted mean BMI of 26.9, reflecting 
the lower credibility given to the phone scores.

The weighting scheme, assigning half as much weight 
to scores reported by phone, was adopted arbitrarily in the 
example. We are not very knowledgeable about translat-
ing the construct of credibility into specific weights. If 
we had, instead, presumed that phone reports merit one 
third the weight of directly observed scores (the calculated 
weights would be 3/22 for direct observations and 1/22 for 
phone reports), the resulting weighted mean BMI would 
have been 27.23. If the phone reports had been given zero 
weight, so that they were completely ignored, the weighted 
mean BMI would have been 27.5.

Our example illustrates that weights are often deter-
mined subjectively, although there are obvious risks. We 
might get better estimates of the appropriate weights if we 
could elicit opinions from experts (Von Winterfeldt & Ed-
wards, 1986) in the telephone survey domain. Researchers 
who employ experts for this purpose should speak to their 
accreditation when reporting the results. The alternative, 
objective approach of determining weights using regres-
sion analysis allows variability, in the form of intersubject 
agreement, to contribute to the weighting. Our view is that 
extent of consensus is not pertinent to the importance of 
a score.

Distance Metric
The problem of the distance metric arises when the 

scores we observe are not linearly related to those on the 
respondent’s internal scale. That is, something about the 
judgmental task or elicitation technique distorts the re-
spondent’s translation of interpoint distances, so that equal 
intervals on the overt response scale do not reflect equal 
subjective intervals. Systematic distortion may result from 
a behavioral process that we can understand. Analysis of 
that process can suggest a transformation that will undo 
the distortion. Rather than seeking a specialized statistic, 
we can, instead, use that transformation and average in a 
familiar way. The procedure is to transform the scores, 
compute a (possibly weighted) mean, and then apply the 
inverse transformation to the result.

Transformations have long been advocated for various 
statistical purposes, particularly to stabilize variance and 
to reduce nonnormality. In fact, both transforming and 
weighting have been proposed in specific averaging con-
texts, with similar statistical motivations. For the averag-
ing of correlation coefficients, Fisher’s z transformation 
has been a standard recommendation. Silver and Dunlap 
(1987) and Strube (1988) reported that backtransformed 
z transformations of r were less biased than simple aver-

Table 1
Individual Batting Averages (BAs) for Five Players

 Player  Record  Individual BA  

A 2 for 10 .200
B 20 for 50 .400
C 30 for 100 .300
D 40 for 400 .100

 E  50 for 200 .250  
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ages of r. Stanley and Porter (1972) added weighting—in 
this case, by subsample size—to the discussion. Because 
correlation is not a direct function of psychological dis-
tance, the present approach does not suggest a particular 
transformation.

Generalized Averaging Equation
Weiss (1975) discussed a class of models for averag-

ing derived from what Aczél (1966) calls the quasilinear 
weighted mean. This class includes the geometric mean, 
harmonic mean, and root-mean power. If we extend Ac-
zél’s bisection equation to accommodate n scores, it is the 
answer to our quest for the general expression for the aver-
age response:

 

R f w f R w f R w f Rn n= ( ) + ( ) + + ( )⎡⎣ ⎤⎦
−1

1 1 2 2 . . . ,

where all andw wi i≥ =0 1Σ .  (1)

The equation incorporates possible differential weighting 
via the wi. It also provides for a possible nonlinear dis-
tance metric via the transformation function f. Application 
of the inverse transformation f�1 ensures that the mea-
sure of central tendency has the same units as the original 
responses.

Examples of f that lead to well-known measures are 
f (R) � log R (the logarithmic transformation) and f (R) � 
R2 (the root-mean square). Whenever f is a continuous, 
strictly monotonic function that has an inverse, an aver-
age can be defined, although only a few have specific 
names. Psychologically, f�1 is the function that the task 
induces the subject to apply in translating from internal 
representation to overt response. Thus, both of the adjust-
ing elements in the equation, the wi and f, have behavioral 
meaning.

There are three elements to the equation: weights, trans-
formation function, and observations. Nothing else enters 
into 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 assign zero weight to observations whose 
identity can be determined only after the data have been 
examined.

To Transform or Not to Transform
How is the researcher to know whether transformation 

is needed? Our statistical colleagues have argued that data 
themselves proclaim their need to be transformed (Box & 
Cox, 1964; Hinkley & Runger, 1984). According to this 
perspective, ideal data have three properties: normal dis-
tribution of errors, homogeneity of variance, and simplic-
ity of interpretation (e.g., main effects without interaction; 
Bartlett, 1947). The analyst transforms the observations in 
the hope of obtaining a good fit to a linear model. Box and 
Cox illustrated the efficacy of a particular family of trans-
formations, indexed by a small number of parameters, 
that did remarkably well in obtaining the desired results. 
There is no guarantee that all three characteristics of an 
ideal representation will be achieved, but it is not entirely 

coincidental that the same transformation fulfills multiple 
objectives. If the data have the hypothesized underlying 
structure and the observations have been distorted in a 
way that the transformation can undo, the approach will 
achieve its goals.

Underlying our perspective is a belief that the respon-
dents’ experience and the demands imposed by the task 
combine to generate an internal continuum along which 
values are located. An observed response is a projection 
from the internal value, the “true” response, inspired by 
the stimulus onto the scale imposed by the researcher. 
The unstated contract, assumed by both researcher and 
respondent, is for the projection to be as close to linear 
as possible. If the projection is linear, the researcher can 
analyze the responses as the respondent intended to ex-
press them. The researcher’s goal in averaging observa-
tions across either trials or subjects is to overcome the 
variability inherent in both the selection of the internal 
value and the projection process and, thereby, to estimate 
the typical projected response to each stimulus.

Instruction and training may help the respondent to 
achieve the desired linear projection. However, some in-
struments or tasks may consistently induce nonlinear pro-
jections; in effect, the transformation function f is applied 
to the true responses. If the observed responses are not 
linearly related to the internal responses, it is appropri-
ate to undo that distortion. But since the researcher does 
not have direct access to the true values buried inside the 
respondents’ heads, how does he or she know whether dis-
tortion has occurred? 

There are two plausible reasons to decide that the data 
to be collected will need to be transformed. First, the re-
searcher may anticipate that a task will impose systematic 
distortion. A transformation that will undo the distor-
tion can be specified in advance. For example, Weiss and 
Gardner (1979) squared responses in a study of subjec-
tive hypotenuse estimation, in accord with the normative 
view that the judgment calls for internal computation of 
the square root of apparent lengths. Similarly, Tversky and 
Russo (1969) analyzed logarithms of judgments of ap-
parent size, reasoning that people respond using distance 
terms but envision areas as products of distances.

An empirical inference that distortion has occurred 
is available when raw data collected to explore the same 
underlying construct, but using different response tasks, 
do not exhibit the expected congruence (Birnbaum & 
Veit, 1974). The researcher can decide, on extrastatistical 
grounds or perhaps even arbitrarily, which response mode 
will be considered the standard. Then, when another mode 
is used for data collection (perhaps because respondents 
find it comfortable), the transformation that has united the 
results from previous studies can be specified in advance.

The alternative justification for transformation is the 
researcher’s conviction that a particular process governs 
generation of the responses at an internal level but that 
the elicitation method distorts the internal responses in 
an unknown, albeit systematic, way. A transformation is 
sought that provides agreement with data patterns pre-
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dicted by the behavioral model, given the usual restric-
tion that the transformation be monotone (Krantz, Luce, 
Suppes, & Tversky, 1971). If the model adequately de-
scribes the transformed data, the obtained transformation 
may be applied routinely when similar stimuli and response 
procedures are used in future studies. This approach may 
be traced to seminal articles by Anderson (1962) and Luce 
and Tukey (1964). An example illustrating transformation 
to additivity for a bisection task is given in Weiss (1975). 
Additivity was sought not to find a structurally simple 
way to describe the data, but because an additive model 
was theorized to be an appropriate description of the be-
havior at the internal level. The model provides the le-
verage to derive the transformation connecting internal 
responses to their observed counterparts. The raw data 
were not additive and had not been expected to be. If no 
monotone transformation could bring about additivity, the 
model would be falsified. Rather than being specified in 
advance, the form of the successful transformation was an 
experimental outcome. Because the transformation is data 
dependent, it is subject to sampling error, and therefore, 
reproducibility is a concern.

These arguments for transformation are psychological, 
rather than statistical. We acknowledge circumstances in 
which transformation can be justified statistically, with an 
eye toward increasing power when comparisons are to be 
made (Anderson, 2001; Levine & Dunlap, 1983; Ratcliff, 
1993). Typically, such cases arise when the response is a 
physical measure, rather than an opinion expressed by a 
subject. We see no behavioral reason to prefer measuring 
response time rather than its reciprocal, response speed 
(Anderson, 1961), so transforming to the scale that yields 
greater power is not objectionable. A physical scale is 
“essentially an arbitrary choice of the scientist or instru-
ment maker” (Mandel, 1976, p. 89). There are grounds in 
the literature for making a prior determination in favor of 
speed measures, which generate more power (Levine & 
Dunlap, 1982). Power is affected because transformations 
alter variances, as well as means.

Example of Transformation
The geometric mean (the nth root of the product of n 

numbers) is the classically recommended (Stevens, 1955) 
way to average magnitude estimates. Magnitude estima-
tion is a method for eliciting subjective magnitude cham-
pioned by Stevens (1958). The respondent is instructed 
to assign numbers to stimuli in such a way that the num-
bers are proportional to apparent magnitude. Stevens’s 
(1958) rationale for using the geometric mean is that re-
sponses are often observed to be approximately normally 
distributed when plotted on a logarithmic scale. It would 
seem equally plausible to apply the transformational ap-
proach—in this case, computing the mean of the loga-
rithms of the responses. The (distance metric) rationale for 
transformation is the behavioral theory that the magnitude 
estimation task induces a power response function on true 

subjective magnitude (Birnbaum & Veit, 1974). These two 
ways of handling the data, either by computing the geo-
metric mean or by computing the mean of the logarithms, 
are mathematically equivalent. If the responses to a stimu-
lus are 16, 24, and 36, the geometric mean, the cube root 
of 16 � 24 � 36, is 24. Equivalently, e to the (ln 16 � ln 
24 � ln 36)/3 power is 24.

The Median
The median is the appropriate measure of central ten-

dency when there is no applicable distance metric, so that 
validity attaches only to the ordering of the scores, and 
not to their magnitude. Indeed, for ordinal data, only order 
statistics such as the median satisfy the plausible crite-
rion of comparison meaningfulness (Ovchinnikov, 1996; 
Ovchinnikov & Dukhovny, 2002). However, use of the 
median has also been recommended when numerical data 
come from a skewed distribution (Stevens, 1955).

What is the average of a set of salaries? Suppose the 
employees of a department within a corporation are paid 
as follows: $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, and $72,000. All but the last 
two employees are clerks; the last two are assistant man-
ager and manager.

 The first thought is to calculate the arithmetic mean 
of the 15 salaries: $24,000. How can we judge the ap-
propriateness of that number? Appropriateness for what 
purpose? Someone who wanted to argue for increasing 
those salaries might argue that inclusion of the last two 
figures makes the mean too large. That person might pre-
fer the median, which is $18,000. The company’s manage-
ment might prefer the mean. Either number is technically 
acceptable.

Other technically acceptable numbers can be calculated 
for other purposes. Suppose we argue that the way one 
thinks about a salary should depend on its utility. If we 
accept Galanter’s (1990) conclusion that utility is approxi-
mately the square root of dollars, the mean salary to which 
that conclusion leads is $22,237. If, instead, we use the 
utility function proposed by Breault (1983), a power func-
tion with an exponent of .43, the mean salary is $22,027. 
In our view, all of these means are acceptable. If we were 
consultants, we might well choose the one that seems most 
defensible and still serves our purpose best.

A mean represents a typical score; but what does typi-
cal mean? The answer is not obvious. Different criteria of 
typicality lead to different calculations. We are proposing 
lines of thought to guide choice among them. But the lines 
do not provide unequivocal answers. Calculation of means 
should be based on Equation 1 and an underlying theoreti-
cal structure.

The fact that two utility functions were deployed in the 
example above highlights the limitation of the proposed 
weighted-mean/distance-metric approach—namely, that 
the analyst needs to know the appropriate weighting and 
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transformation. Incorporating prior knowledge into a sta-
tistical formulation is a concept with which Bayesians 
(Edwards, Lindman, & Savage, 1963) are already com-
fortable. Here, we extend that idea from the world of in-
ferential statistics to that of descriptive statistics.

Behavioral Indices
The impetus for this reexamination of averaging was a 

need to average observed CWS scores (Weiss & Shanteau, 
2003). The CWS index is an empirical measure of judg-
mental expertise that does not depend on knowing correct 
answers. Instead, the index captures a candidate’s ability 
to assign different ratings to different stimuli and similar 
ratings to similar stimuli. With an experimental design 
consisting of repeated presentations of a set of various 
stimuli to an individual, the CWS index may be computed 
as the ratio of between-stimulus variance to within-stimulus 
variance. When we first began representing the typical 
expertise of a group of professionals, using the new index, 
we found that the arithmetic mean of a set of CWS scores 
could be heavily influenced by extreme values, just as in 
the salary example above. We then thought that we might 
borrow a better method for averaging CWS scores from 
the standard procedure for averaging F ratios. A search of 
the literature revealed no extant recommendation.

We illustrate how the generalized averaging equation 
can be used to derive an appropriate mean. In the case of 
F ratios, the scores do not comprise a collection of indi-
vidual responses but values of an index derived from a set 
of responses. The transformational approach we espouse 
calls for use of the square root transformation, because the 
values to be averaged involve squared original distances. 
The key constituent of an F ratio, the sum of squares for 
an effect, is related to the square of a psychological dis-
tance, as expressed by the respondent (SSA is proportional 
to ΣΔA

2, where the ΔAs are the differences between mar-
ginal means for the levels of the variable A). Therefore, we 
propose that the average F ratio is the square of the mean 
of the square roots of the individual Fs. Our aim is to aver-
age on the continuum on which the behavioral values to 
be summarized lie.

Choosing a Transformation
Mellers and Hartka (1989) reanalyzed and replicated a 

study by Anderson (1976), in which subjects were given 
information about how well two people had worked on a 
job and how much one of them had been paid. The sub-
jects were asked to determine the “fair” payment for the 
other worker. Both sets of data could be monotonically 
transformed to additivity, a result that Mellers and Hartka 
interpreted as supporting a subtractive model (which, de-
spite its name, is an instance of additivity, because the 
model implies no interaction) with a nonlinear response 
function. Mellers and Hartka noted that a doubly bounded 
response scale, such as a standard rating scale, could be 
expected to show floor and ceiling effects that could be 
transformed away.

Rather than allowing the MONANOVA algorithm 
(Kruskal & Carmone, 1969) to search for a transformation 
that would work, we would propose that an arcsin trans-
formation applied to the responses might have brought 
the means into conformity with the proposed subtractive 
model. That particular transformation has long been used 
with sigmoidal data (Cochran, 1940), because the arc-
sin has little effect on intermediate values but stretches 
out the ends of the scale. Specifying the transformation 
in advance is a more definitive statement, one justified 
by Mellers and Hartka’s (1989) account of the distortion 
induced by the response scale. If this hypothetical opera-
tion had been able to make the transformed means plot in 
accord with the parallel pattern called for by the model, 
subsequent research in which tasks in which respondents 
make similar judgments are used (e.g., Singh, 1995) might 
fruitfully apply the same transformation. Note that addi-
tivity is sought in this setting because the model is held to 
describe the psychological process by which people judge 
equity, not because an additive representation is structur-
ally simple.

Concluding Remarks
In 1955, Stevens published a landmark article that dis-

cussed several alternative measures of central tendency. 
Stevens (1955) provided a theoretically grounded tax-
onomy of the measures but, at the same time, conveyed 
the sense that one must look at the data to make the best 
choice for a particular application. We certainly do not 
wish to speak against the idea of scrutinizing one’s data, 
but that guideline has always seemed insufficient. Why, 
for example, should the harmonic mean be used to av-
erage speeds, or the geometric mean to average magni-
tude estimates? Sometimes a median was deemed best. 
It all seemed so arbitrary, as though one needed to have 
absorbed the appropriate scientific folklore to choose cor-
rectly among competing descriptive statistics.

Equation 1 formalizes the folklore. The researcher’s 
duty includes specification of the behavioral theory that 
justifies a particular weighting scheme or transformation. 
We link the mathematical machinery, the weighting and 
distance metrics that distinguish one summary statistic 
from another, to behavioral constructs. In doing so, we 
are following a tradition that has stressed the importance 
of substantive theory in resolving measurement problems 
(Anderson, 1979; Luce, 1996).

In proposing substitutes for the arithmetic mean, Ste-
vens’s (1955, p. 113) expressed goal was to undo the bias 
that results from skewed distributions. Skewness was 
viewed as a sign of a nonlinear relation between observed 
values and the underlying variable of interest. The strategy 
appears to be predicated on a belief that nature provides 
normal distributions when unobservable psychological 
quantities are measured properly. Stevens (1955) intui-
tively grasped the importance of the distance metric when 
he argued that it is “more sensible to average loudness 
than to average decibels” (p. 115). Our interpretation of 
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that statement is that Stevens (1955) appreciated that aver-
aging should take place on the psychological continuum, 
even when responses are expressed in physical units.

Our recommendations for averaging data are not incon-
sistent with those of Stevens (1955), although our justi-
fication is quite different. It is the generalized averaging 
equation, a model for averaging, that supports transfor-
mation and unequal weighting. We might choose to apply 
a logarithmic transformation to magnitude estimates of 
individual stimuli (or equivalently, to present geomet-
ric means as average responses), just as Stevens (1955) 
would, but not in order to undo skewness or to stabilize 
variance. In selecting a prior logarithmic transformation, 
we would be accepting Birnbaum and Veit’s (1974) con-
tention that the task itself induces a transformation on the 
internal responses. Our objective is to average those in-
ternal responses, a goal Stevens (1955) understood but 
did not regard as primary. Alternatively, if we employed 
an integration task in which respondents provided magni-
tude estimates of the combined value of two stimuli, the 
additional leverage provided by a cognitive model would 
allow us empirically to estimate the transformation that 
maximized agreement with the model (Weiss, 1975). That 
transformation might turn out to be logarithmic, although 
it need not. In fact, for magnitude estimates of the average 
darkness of two gray chips, geometric means did not yield 
results consistent with an additive model (Weiss, 1972).

We also differ from Stevens (1955) in that we do not 
advocate presenting a transformed version of the data. 
The inverse transformation is applied to the average of 
the transformed scores (Edwards, 1966), so that a mean 
obtained from the general averaging equation maintains 
the units of the original responses. When we plot mean 
responses against the independent variable, we employ 
the units in which the data were collected. If individual 
responses were expressed as probability estimates or as 
ratings on a particular scale, then so ought to be the mean 
that describes a typical response across subjects or trials.

How one chooses to integrate the scores makes a dif-
ference. At the heart of science are the empirical laws that 
researchers discover. An empirical law is the observed 
functional relationship between a set of stimulus objects 
and the typical response inspired by each of those objects. 
However, subjects provide individual responses; it is the 
researcher who decides how to represent those responses. 
Any average described by Equation 1, including the cus-
tomary default choice (the arithmetic mean), will yield an 
interpretable value.

If the researcher makes a good case that a particular law 
ought to connect the values of a quantitative independent 
variable and the typical responses, the fact that the data are 
consistent with that hypothesized connection when one 
mean is employed and are not when another mean is em-
ployed suggests that the former is a preferable summary 
statistic. The enduring controversy over the form of the 
psychophysical function (Krueger, 1989) may be, in part, 

attributable to variations among the averaging methods 
used by researchers (Myung, Kim, & Pitt, 2000).

Our take-home message is that we ourselves do not 
hesitate to depart from the routine practice of employing 
arithmetic means when describing data. At the same time, 
we consider it our responsibility to justify the departure 
not merely by citing tradition, but by articulating a theo-
retical stance. Just as researchers use prior knowledge and 
theory to choose the behavior to observe, so too must they 
exercise judgment in choosing the statistic that most ac-
curately exemplifies the pertinent group of responses. As 
consumers of research, we tend to be sympathetic to any 
well-reasoned choice.

The present discussion has been concerned with de-
scriptive, rather than inferential, statistics. If weighting 
or transformation is needed to depict a typical value in a 
given context, one might consider the same operation to 
be appropriate for scores submitted to significance tests. 
The effect of transformation on comparisons of means has 
been examined for many years (Bartlett, 1947; Doksum & 
Wong, 1983), but the study of unequal weighting is only 
getting started (Wilcox, 2003).
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NOTE

1. Batting average as defined by organized baseball omits certain 
batting opportunities that do not yield hits; among them are walks and 
sacrifices. This inaccuracy is an attempt to avoid charging the player 
for a nonhit that may contribute positively to the team’s performance. 
Therefore, batting average does not quite reflect the proportion of hits. 
Baseball statistics also include another index that weights for the differ-
ential value of hits: the slugging percentage, in which home runs count 
more heavily than singles. The batting average is the figure that leads to 
an annual individual award.

(Manuscript received September 7, 2004;
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