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Abstrad

The assesamnent of expertiseisvital both in pradicd situations that cdl for expert judgment
and in theoreticd reseach onthe psychaoogy of experts. It can be difficult, however, to
determine whether ajudgeisin fad performing expertly. Our goal isto develop an empiricd
measure of expert jJudgment. We ague that two necessary charaderistics of expertise ae: (1)
discriminating the various gimuli in the domain and (2) consistent treagment of similar stimuli.
We combine measures of these charaderistics to form aratio we cdl the CWS (Cochran-Weiss
Shanteau) index of expertise. The propacsed index is demonstrated using two studies that
distinguished “experts’ from “non-experts’ based ontheir judgmental performance The index
provides new insightsinto expertise and dfersa partial definition o expertise that may be useful
in avariety of theoreticd and applied settings. Potentia applicaions of thisreseach include

seledion, training, and evaluation d experts and d expert-madine systems.
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Empiricd Assesament of Expertise
David J. Weiss
Cdlifornia State University, Los Angeles
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We dl depend uponexpertsto make our lives ssfe and interesting, from providing basic
resources to entertaining us with music and art. Most of uswould claim to be experts, at least at
something. But are we redly expert? How isthe daim to be substantiated?

Experts have often been identified by self-proclamation a acdamation by other experts.
Experience titles, or degrees are used asindicators. It is not difficult to seehow these methods
for finding experts can be misleading. We prefer instead to cast the problem in empiricd terms.
An expert is smeone who carries out a spedfied set of tasks expertly. This apparent tautology is
not devoid of content, because it emphasizes behavior. We propase to compare how well
candidate experts dothejob. In this paper, we off er anew methoddogy for evaluating, ona
relative basis, the degreeof expertise demonstrated ona particular task.

At first glance, ore might hope to evaluate expertise by looking at outcomes. Theided is
to correlate adion with agold standard, an urequivocdly valid, urniversally accepted, oucome
measure that diredly refleds the behavior under scrutiny. The expert surgeon’s patients are more
likely to survive than those of the poar surgeon, the expert air traffic controll er’ s planes are more
likely to arrive safely. Survival and safe arival seam like relevant gold standards.

There ae well -establi shed procedures for assesgng expertise when gold standards exist.
When a judge makes dichotomous dedsions whaose @rrednesscan be determined oljedively, dv
provides a measure of acarracy (Swets, 1986. For numerica responrses, the Brier score (Brier,
1950 penalizes errors in relation to the square of their magnitudes.

The expert-performance gproac (Ericson & Lehmann, 1996 has had considerable
successfinding behavioral assesaments that generali ze and thus suggest expertise. Someone who

excdswhen tested in the laboratory islikely to excd in other settings aswell. A fast sprinter
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outruns gower courterparts under most condtions. A chessmaster will seled superior movesin
unfamiliar pasitions. Reproducible successin controll ed settings predicts siccessin red-world
applicaions.

When it isclea that an outcome measure catures expertise, it is appropriate to useit asa
means to identify the expert. A potential problem is that a processmay be more cmwmplex than
use of the obvious outcome measure presuppases. Would we be surprised if the “best” surgeons
generated poa survival rates? If patients and surgeons were randamly paired, medicd outcome
might be an effedive assesanent todl; but seledion kases can render the rrelation
meaningless A test that scdes surgeons acarding to survival rates among their patients might
be caturing the aility to attrad easy cases rather than true surgicd skill . The obvious gold
standard may be tarnished.

One must be very careful to seled tasks for which meaningful comparisons are feasible.
In the laboratory, the investigator can ask doctors or trainees to dagnase caes for which corred
designations are known (Ericson & Smith, 199). In the field, ore might compare the success
rates of emergency room physicians, where patients are assgned to the first avail able doctor
(Ericson & Lehmann, 1996. In contrast to most medica settings, in this case we can regard
assgnment of patient to praditioner as essentialy randam.

For many tasks at which experts make aliving, there is no measurable outcome & all.
How are weto know if the wine-taster has judged acairrately, or if the profesor has graded the
essays well ? Adherents of the expert-performance gproach would question the merits of
studying such damains. Although thereisno hint of an oljedive ecternal criterion, we believe
that some people do these tasks better than athers, and that people improve their performance
We would like our assesgnent scheme to include such expertise. We propcse amore generd
approacdh to asesang expertise, ore that looks at the behavior itself rather than its association
with an oucome. We do nd regjed the ideaof gold standards; they provide an utimate solution

when avail able. Our view isthat they are nat easy to find, and thisis nat a wincidence experts
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are neaded predsely in those domains where there ae not corred answers (Gigerenzer &
Goldstein, 1996.

Our proposed methoddogy is built upontwo premises. Thefirst isthat eva uative skill
or judgment, isthe heat of expertise. Whatever an expert is cdled uponto doentail s reaognition
and evaluation d the aucial stimuli in the situation. We present a dasgfication d expert tasks, a
partial theory of expertise, in which ather skill s are superimpased onjudgment. This
classficaionisnat yet suppated by much evidence bu represents areseach agenda. The
cornerstone is the measurement of judgmental competence, and it isin the judgment arena that
we exped the most eff edive assesanents. As other skill s occasioned by additional task
requirements overlay judgment, the cntribution d that core componrent may be obscured and
our appraisals may correspondngly be less stisfadory.

Our seaond pemiseisthat an expert judge tries to function as a measuring instrument. A
measuring instrument acarately evaluates dimuli; that iswhat it is built to do.The instruments
used in everyday pradice acomplish tedhndogicdly something that a human expert may have
dore professonaly in the past (Hoffrage & Gigerenzer, 1999. The thermometer supdants
sensitive hands; sonar replaces dowsers. The instrument is usualy better than the human, at least
for itslimited pupose, in that it does not exhibit inconsistency caused by fatigue or bias.
Everyone' sinstrument can be built to the same spedficaions. The instrument may become atrue
gold standard, bu oncethat accetance has taken place thereislittl e need to assesshuman
experts onthat task because their skill has becme obsolete (Shanteau, 1995.

Categories of Expertise

Tasks that cdl for expertise can be divided into four caegories. Expert judges award
medals, audit companies, assgn grades, or make diagnoses. Expertsin prediction are the best at
forecasting the weaher, hiring an employee recommending medicd treament, or advising
whether parole is aworthwhil e risk. Expert instructorstrain novices, develop computationally

aided “expert systems’, set criteriafor testing, or mentor aspiring experts. Performance experts
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do something better than most people can doit; their task may be playing an instrument, fixing a
ca, shoaing a basketball, or painting alandscape.

We ague that evaluative skill is the basic cognitive aility that charaderizes all these
areas of expertise. Whatever the task, therefore, the expert must attend to relevant aspeds of the
situation and deade what needsto be dore. It is this common element, evaluation, that our index
isdesigned to capture. As shown in Table 1, what distinguishes the caegoriesiswhat the expert

must do after the evaluation has been carried ou.

An expert judge dassfies simulus cases into appropriate groups or categories. The first
dedsionaphysician facesis whether the patient’s condtionis srious or nat, i.e., to conduct
triage. If the condtionis deaned serious, then the doctor identifies the disease. Next, a aurse of
treament must be seleded. Each o these dedsions—triage, diagnosis, treament —involves an
evauative judgment. To dothiswell, the judge must be @le to maintain appropriate aiteria
aaossaset of cases.

The expert predictor has the dhall enge of incorporating evaluations into a projected future
scenario. Changes in conditions that will occur in the future must be anticipated. To be an expert
predictor, one must nat only evaluate but must also be ale to extrapolate evaluationsinto an
unolserved future environment. The penal expert, for example, must evaluate the aurrent status
of patential parolees and dedde how they will fare when faced with the temptations of the
outside world; of course, the temptations that an individual will face cana be spedfied
predsely (Swets, Dawes, & Monahan, 2000.

The expert instructor needsto be ale to communicate judgment strategies to novces.
The skill srequired include to the ability to bregk down the processinto comprehensible sub-
units, to explain the requisite steps, to ill ustrate the gopropriate behavior, to olserve student
performance and provide feadbadk, and to motivate students. An expert instructor, then, must be

able bath to evaluate and to communicae. An expert critic requires smilar skill s.
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The performance expert must add execution to the requisite evaluation. In general, motor
skill' s such as drength, coordination, dexterity, and stamina & well as evaluation are required to
exhibit performance epertise.

Whil e thase who are expert in ore cdegory may be asked to serve in ancther, expertiseis
generaly highly spedfic. A grea surgeon (performance caegory) may make poa
recommendations (prediction caegory) that do nd consider the values of the patient. A skill ed
teader (instruction caegory) may do poa laboratory work (performance caegory). A gred
coad (instruction category) may ask players to exeaute maneuvers that the macd can envision
but not exeaute (performance caegory). Thus, expertise may not transfer becaise eab caegory
cdlsfor different spedfic talents beyondthe evaluative skill srequired of all experts.

Of course, expertiseisalso damain spedfic. Michad Jordan could na hit the aurve ball
when hetried to be aprofessonal baseball player. An expert weaher forecaster has no claim to
predicting the stock market. The evaluative skill s, aswell asthe alditional requirements of ead
caegory, are the result of spedfic domain abiliti es, training, and experience

Behavioral Assesanent

Our predecessor is Einharn (1972, 1974, who popased two empiricd criteria he deaned
necessary for expertise. Thefirst isintra-individua reli ability; an expert’s judgments shoud be
consistent over repeded trials. Reasoning similarly, Bolger and Wright (1992 propacsed
asesang reliability when nogold standard of objedive validationis avail able. Ashton (2000
has observed that there is not much evidence beaing on the reli ability isaue.

High consistency can be obtained by someone foll owing asimple, bu incorred, rule. As
long astheruleisfollowed predsely, the person's behavior will be mnsistent. Consistency isa
necessary condtion —an expert could hardly behave randamly — bu as Einharn adknowledged, it
isnat sufficient for defining expertise.

Einhan's (1972, 1973 other necessary condtionis consensus between experts. That is,
the expertsin agiven field shoud agreewith eat ather (Ashton, 1989. If they do nd, then it

suggests that at least some of the would-be experts are not redly what they claim to be.
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On the surface consensus appeasto be a ompelli ng property for experts. After all,
patients fed comfortable when dactors agreeon dagnosis and recommendations. When the
physicians disagree onthe other hand, tients fed uncomfortable committing to a course of
adion.

Although consensusiis likely when the various experts are judging in acord with a
common latent structure (Uebersax, 1993, ou view isthat it isan inappropriate aiterionfor
expertise (Shanteau, 2001 Weiss& Shanteau, 2004. The mnfusion hes arisen becaise
consensus is the basis for terminalogy. Constructs, such as the defining charaderistics of a
disease, must be shared by the linguistic community that employs them. Doctors need to agree
onwhat is meant by aterm such as “myocadial infarction”. However, identifying and
interpreting a particular patient’s ymptoms cal s for perceptual and integrative skill s. The
judgment depends on more than merely knowing what the diagnostic caegory entail s. Perhaps a
crucia symptom is hard to deted, so that only someone with superior vision a sense of smell
noticesit. Whether the judgment is corred canna be determined by agreament among judges.
Bertrand Rus=ll (1993 phrased it sucanctly: “Even when the experts all agreg they may well
be mistaken.”

To be sure, when people have the crred solutionto aproblem, their answers must agree
but the mnwverse does naot follow. Agreement does not imply corredness Rus<ll’s concernis
that of alogician aswell asasocial critic.

The Core of Expertise

We propose that expert judgment must satisfy two essential criteria. These @nstitute
necessary, bu not sufficient, condtions for expertise. Thefirst isthat expertise cdl s for
discriminating among the stimuli within the domain. The adility to dff erentiate between simil ar,
but not identicd, stimuli isahalmark of expertise (Hammond, 1996. Secondy, we foll ow
Einhan's (1974 suggestion that internal consistency is a requirement of expertise™.
Furthermore, we propacse that although the two criteria ae asessed separately, they are linked

psychadogicdly in that they trade off. Consider ajudge whois urged to emphasize wnsistency,
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as might be the cae if an internist were asked to triage patients in an emergency room. We
exped to seelessdiscrimination compared to the diagnoses made in the internist’s normal
pradice Conversely, ajudge whois asked to be more discriminating, as might happen if a
university cdled uponfaaulty members to switch from letter grades to numericd grades, will
show lessconsistency.

The two criteria ae necessary to establi sh expertise. Both are empiricd, so that an index
of expertise can be awnstructed puely from data. Using empiricd criteria avoids the drcularity
inherent in approadies that rely on an expert’ sidentificaion d the gold standards by which
expertiseis defined.

A study by Skanér, Strender, and Bring (1998 ill ustrates how expertise can beseenina
set of judgments. Twenty-seven Swedish general praditi oners (GPs) judged the probabilit y of
heat fail ure for 45 cases based onred patients; five of the caes were repeaed, athough the GPs
were not informed of that. The cae vignettes gated that ead patient came to the dinic because
of fatigue. Case-spedfic information was then provided for ten cues. age, gender, history of
myocadial infarction, d/spneg edema, lung sounds, cardiacrhythm, heat rate d rest, heat X-
ray, and lung X-ray.

For ead vignette, the GPs were instructed to assessthe probabilit y that the patient
suffered from any degreeof heat failure (Skanér et a., 1998, p. 9% The asssnents were made
onagraphic scae with “totally unlikely” at one end and “certain” at the other; these were
converted into 0-to-100 \alues. The authors foundwide, unexplained individual differencesin
the pattern of results. After inconclusive analyses of demographic variables, the aithors
concluded that the large variation ketween the GPs could na be realily explained.

Results for four of the GPs (identified by number) are shown in Figure 1. Thefive
repeaed cases are represented by letters at the horizontal axis. The drcles are the judgments for
the first presentation and the squares are the judgments for the second presentation. Thus, the

first judgment of Case A by Doctor #18is nea 100, the secondjudgment is smilar.
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Ascan be seen, thereis considerable variation between and within the four GPs. Still
eat GP shows adistinctive pattern in terms of discrimination and reli ability. Doctor #18is
highly discriminating (sizable diff erences between petients) and consistent (littl e difference
between first and seaond presentations). Doctor #8 shows sme discrimination, bu ladks
consistency (espedaly for patient B). Doctor #16is consistent, but treds all patients rather
similarly — all are seen as having moderately high chances of heat fail ure. Doctor #23 shows no
uniform pattern of discrimination a consistency.

Based ontheir data done, we can gain considerable insight into the judgment strategies
and abiliti es of the GPs. Doctors #18and #16are mnsistent, but one discriminates and the other
does not. Doctors #8 and #23are inconsistent and vary in their discriminations. We beli eve that
withou knowing anything further, most clients would prefer someone like Doctor #18,who can
make dea discriminationsin a consistent way. In effed, ou proposed measure (seebelow)

quantifies this intuition with a single index.

Insert Figure 1 here

The CWS Index
We propose theratio of discrimination ower inconsistency as an index of expertise (see
Eq. 1). Discrimination refers to the judge’ s differential evaluation d the various gimuli within a
set. Consistency refersto the judge’ s evaluation d the same stimuli similarly over time;
inconsistency isits complement. Theratio will be large when ajudge discriminates eff edively,
andwill be reduced if the judge isinconsistent.

_ Discrimimation
— Inconsiséncy

CWS 1)

Our construction d the performanceindex parall els Cochran’s (1943 suggestion that a
ratio be used to assessthe quality of aresporse instrument. Cochran argued that an effedive

dependent measure shoud al ow the participant to expressperceved dff erences among stimuli
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in a onsistent way. We view expert judgment in the same way. We a&nowledge our intell ecual
debt to Cochran by referring to ou performance-based approach as CWS (Cochran-Weiss
Shanteau).

The intuition unarlying the index is that a good measuring instrument necessarily has a
high CWSrratio. A properly deployed instrument yields diff erent measures for diff erent obeds,
and the same measure whenever it is applied to agiven olged. A ruler, for example,
discriminates among objeds of varying length, and produces the same score for the same objed.
Accaurate measurements necessrily yield high CWS.

Like agood measuring instrument, an expert judge must be bath d scriminating and
consistent. It is easy to dsplay either quality by using a simple resporse strategy, ore that
requires littl e knowledge of the stimulus objeds. One can show discrimination simply by
generating awide variety of resporses; one can exhibit consistency by making the same resporse
for al cases. But adopting either of these strategies alone guarantees that the other quality will be
lost. To be aletoincorporate bath qualities smultaneously, onthe other hand, requires acarate
and consistent assesament of stimuli, the essence of expert judgment. The CWS index triesto
cagpture what physicists (Taylor, 1959 cdl the “resolving power” of the expert judge.

Calculating CWS

To implement the measure, we ak putative experts to evaluate a @mmon set of stimuli.
Some, if not al, of the stimuli must be evaluated more than orce We analyze eab candidate’ s
resporses in two ways: the first is to estimate discrimination and the secondis to estimate
inconsistency. By forming the ratio of these estimates, we can determine whose judgmental
performanceis better for that set of stimuli.

There ae threerequirements we wish to impase on ou index. It shoud have a ‘zero”
point. This fixed value represents the dsence of expertise. Becaise we anploy the ratio format,
the starting paint has the value 1. Although in principle values as low as zero may occur, a
candidate who is completely insensitive to the stimuli (i.e. responds randamly) will have an

expeded CWSvaue =1.
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The secondrequirement is sde invariance acossthe wnstituent elements. If the
resporses are linealy transformed, the measures of discrimination and d inconsistency may
change, bu the CWS ratio shoud remain urchanged. We would li ke resporse instruments that
might be expeded to produceratings approximately linealy related to ore another, such asa
caegory scde, apercentage scde, or agraphic rating, to yield comparable CWS scores.

For the sake of coherence, the third requirement is that we will estimate both numerator
and cenominator using the same summary statistic. That is, the measure of discrimination shoud
have the same basis as that of the measure of inconsistency.

Effedive discrimination implies that as the stimulus changes, the evaluation changes
acaordingly. High inconsistency impli es that repeaed evaluations of the same stimulus differ
considerably. Both of these mnstructs may be viewed as datisticd dispersion, sinceit isthe
extent of differencesthat iscrucial. Any summary measure of dispersion can yield CWS ratios
that apply to all of the candidate judges. Because dispersions are never negative, their ratio will
always be non-negative & well. Threedispersion measures — variance, standard deviation, and
mean absolute deviation —might be used.

Because we seeno clea theoreticd advantage for any of the threedispersion measures,
we do nd wish to be dogmatic ebout the choice”. However, we have relied upon \ariance
measures (literally, mean squares) in ou work so far, and consider them the default option. We
have used the variance anong mean resporses to dfferent stimuli (M Sgiimuii) as the estimate of
discrimination and the variance anong resporses to the same stimulus (M Sregpiicaions) asthe
measure of inconsistency. These quantities are eaily obtained using standard statistics programs.
Variances, with their heary weighting of large discrepancies, have traditionally been used by
statisticians to cgpture predsion d measurement (Grublbs, 1973, with aratio format the usual
arrangement for comparison. Furthermore, variances aff ord the statisticd advantage that
estimates of their ratio is an asymptoticdly efficient estimator of the underlying ratio (I. R.

Goodman, personal communication, February, 1999. An additional considerationisthat a
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procedure developed by Schumann and Bradley (1959, discussed below, can be used to
determine whether two CWS ratios are significantly diff erent.

Weill ustrate the computations for the four doctors sleded from the Skanér et al. (1999
datain Table 2. As can be seen, Doctor #18,who shows high dscrimination (3,365.19 and low
inconsistency (5.80 hasa CWS value of 580.20.In isolation, we caana say whether thisisa
high or low magnitude. Therefore, we need to consider the CWS values for the other doctors.
Doctor #8, with moderate discrimination and high inconsistency, hasa CWS vaue of 1.21.
Doctor #16,with low discrimination bu low inconsistency, hasa CWS value of 1.81.Doctor
#23,with low discrimination and hgh inconsistency, has a CWS value of .76.Thus, Doctor #18

stands apart from the other threedoctors, with a cmnsiderably higher CWS score.

CWS ratios computed using the dternative dispersion measures are dso included in the
table. As one would exped with theimpad of squaring reduced, the range of obtained CWS
ratios beacomes small er. Using mean absolute deviations, Dr. #16moves dightly ahead of Dr. #8
in the rankings. No matter which measureisused, it is clea that Dr. #18stands far apart from the
others. However, the relative ranking of the other doctors depends to some extent onthe
dispersion measure seleded.

Schumann-Bradley Procedure

When CWS estimates of discrimination and inconsistency are variances, thereisa
statisticd comparison avail able. Schumann and Bradley (1959 devel oped a procedure for
determining whether one F-ratio is sgnificantly larger than anather. The technicd requirement is
that the designs be identicd in structure. This requirement will routinely be satisfied in a study
comparing candidates judging the same stimuli, and thereby legitimizes treaing CWSratios as if
they were F-ratios. (As noted above, however, other measures of dispersion satisfy CWS, bu do

not generate F-ratios.)
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Theratio of two F-ratios constitutes atest statistic, w. w is compared to wy, a aiticd
value foundin the table presented by Schumann and Bradley. The test can be enployed either
diredionaly or nondredionally. The one-tail ed test determines whether the candidate is
significantly lesscapable than a designated expert. The two-tail ed test asks whether thereisa
significant diff erence between two judges. Each judge is considered as a separate “experiment”.
A computer program incorporating the Schumann and Bradley procedure and table of criticd
values has been pulished by Weiss(1985. Obtained w's all ow comparison d the expertise
exhibited by the various candidates as they judge aparticular set of stimulus objeds. Pairwise
comparisons expresshow eat candidate ammpares to the others. Alternatively, one may
compare candidates to areference expert.

Two-tail ed Schumann-Bradley significancetests were caried ou onapairwise basis
using the varianceratios for the four doctors gudied by Skanér et al. (1998 as presented in the
first row of Table 2. The results, shown in Table 3, provide statisticad confirmation d Doctor
#18 s expertise. As can be seen, Doctor #18is sgnificantly different from ead of the other three

doctors, with no dff erences among the remaining GPs.

Insert Table 3 here

When ajudge’ s evaluations are expressed ardinaly, asistypicd in animal judging
(Phelps & Shanteau, 1978, littl e dficagy islost. As has been shown by Weiss(1986),
sufficiently dense ordinal data may be subjeded to analysis of variancewith esentially noloss
of power. Even “Yes/No” resporses cause no problem; Lunrey (1970 has demonstrated that
carying out analysis of varianceon dchotomous resporses yields results essentiall y equivalent
to those obtained with continuows scdes.

Poli cy recommendations are sometimes expressed qualitatively, with no hint of ordinal
information. The ar traffic controll er seleds one arplane over ancther and issues a control
instruction. The bridge player chooses abid. In ead case, the resporse isalabel. For these

nominal evaluations, a CWS ratio can also be defined. The discrimination comporent is based on



Assesament of Expertise 15

the propartion d nonrmatching resporses to dfferent stimuli, whil e the inconsistency
comporent is based onthe propartion d nornrmatching resporses to the same stimulus. Our
procedure for computing CWS for nominal datais presented in Appendix A.

Stimulus Objeds

The basic task for our expert isto appraise eab of aset of stimulus objeds repededly.
For ephemeral stimuli such as an athletic performance we could make arecording that preserves
theinformation readed for expert judgment. This all ows the same objeds to be presented more
than orceto ead individual. A fadoria design is often convenient, but is not required.

It isalso necessary that stimuli vary in perceptible ways. This may not be trivia to
acdhieve, sincedetermination d the extent of variation requires expertise and we do nd wish a
priori to presumeit. These detail s of stimulus variation are crucial to ou ability to establish
expertise. If the objeds vary too littl e, then no ore will be aleto dscriminate anong them. On
the other hand, if the objeds vary too much, then al candidates will discriminate perfedly, and
no orewill appea to be any better than anyone dse. The variationisueis not aunique mncen
for CWS; the dfed size areseacher obtainsis awaystied to the chaiceof stimuli (O’ Grady,
1982. The best course of adion may be smply to begin with awide-range set of stimuli,
planning to refine the seledion subsequently.

An oltained CWS index depends upon bah the candidate’ s expertise and the particular
set of stimuli presented. The more the stimuli differ from ead ather, the eaier they areto
discriminate. It is therefore not meaningful to compare CWS scores for candidates who have
judged different stimulus =ts, just asit is not meaningful to compare acossdifferent domains.
An dternative perspedive onthisinteradionis that when the same judge evaluates sveral
stimulus sts, the index refleds task difficulty; higher CWS for a particular set implies that thase
stimuli were eaier to dstinguish (Thomas & Pounds, 20032).

The Validity Challenge
We reaognize that looking solely at interna properties of the data canna yield utimate

satisfadion. When we anclude that Doctor #18is amore expert diagnaostician, we ae making
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an assumption that goes beyondthe data, namely that there is variation among the patients. The
asumption d variation,in this case of extent of ill ness within the popuationis a austomary one
for socia scientists. We a&nowledge the logicd possbility that Doctor #16isin fad the most
acarate, that all of the patients have equally severe wndtions, and that Doctor #18is ang
diff erences where nore &ists.

Of course, we toowould like to knov what ultimately happened to the patients. But
redity does not always provide such comfort. Even if foll ow-up were posgble (in thisred-life
example, Dr. Skanér could tradk only some of the patients), it would take yeas before definitive
results becane avail able. Furthermore, the treament the patients receved depended onthe
diagnaoses they receved, and thus would have differentially aff ected the outcomes.

A different approad to validity isto show that the index distinguishes between
adknowledged experts and novces. We re-analyzed the data from Ettenson (1984 see &so
Ettenson, Shanteau, & Krogstad, 1987, who asked two groups of auditorsto evaluate aset of
financial cases. One group d 15 “expert” auditors was reauited from Big Six acourting firms.
The groupwas comprised of audit seniors and partners, with 4to 25yeas of audit experience
For comparison, 15“novice” acourting students were obtained from two large Midwestern
universities.

Ead financial case was described using 16 cues, ead of whose value was sleded to be
high or low. For example, Net Income was st at either ahigh or low number. For every case, the
participant judged the extent to which the firm was a Going Concern; thisisatypicd evaluation
an auditor is asked to make.

Based onfeedbadk from a senior faaulty auditor, the aues were dassfied as either

relevant (e.g., Net Income), partially relevant (e.g., Aging of Recavables), or irrelevant (e.g.,

Prior Audit Results) for thistask. Using a CWS analysis, we estimated dscrimination variance

from the mean square values for ead cue. Inconsistency was estimated from the average of

within-cdl variances— high varianceimplies high inconsistency. Theratio of discrimination
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variancedivided by inconsistency variance was computed to form separate CWS values for
relevant, partially relevant, and irrelevant cues.

The resultsin Figure 2 show that CWS values for the expert group dop systematicdly as
the relevance of the aies dedines. For the novicegroup,thereisasimilar but lesspronourced
dedine. More important, there is a sizable diff erence between experts and novces for relevant

cues. Thisdifferenceis smaler for partialy relevant cues, and norexistent for irrelevant cues.

We dso re-analyzed data from Nagy (1981), who asked participants to evaluate summary
descriptions of applicants for the position d computer programmer at ared, (name deleted upon
request) company in Sedtle, WA. The study employed bah professona personrel seledors
(“experts’) and management students (“novices’). Each appli cant was described by legall y-

relevant attributes (recommendations from prior employers and amourt of job-relevant

experience) and legall y-irrelevant attributes (age, physicd attradiveness and gender). Fill er

information from locd phore books was used for badkgroundinformation, such as home
address

Four professonalsin personrel seledionand 20 biness sudents made two evaluations
of 32 appli cants (generated from a 2-x-2-x-2-x-2-x-2 fadoria design, where there were two
valuesfor ead o the five atributes given abowe). Before the evaluations, participants were
reminded abou the company’ s written pdicy for hiring, i.e., what information shoud and shoud
nat be used. Based onthe 64 (= 32 x 2) evaluations, the importance of the five dtributes was
determined for eat participant ona0-100 nomali zed scde; average CWS values were
generated for ead group.

For the two relevant attributes, recommendations and experience, the CWS values are
nealy identicd for the two groups (seeFigure 3). This sroud na be surprising gven that
participants were reminded immediately before the study abou relevant hiring criteria. In

contrast, CWS values for the threeirrelevant attributes, age, attradiveness and gender, reved a
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very different pattern. For professonals, CWS values cluster around 1.0(as they shoud, for it is
inappropriate to dscriminate on these aspeds). In contrast, the values are cnsiderably larger for
students. Despite being told that age, attradiveness and gender are not legall y al owable,

business sudents had sizable CWS values for these “irrelevant” attributes. Clealy, it isnot easy
to ignore something as obvious as age or gender, even though that is what the guidelines require.

Professonas, however, foll owed strategies to do pedsely that.

The results from these re-analyses $iow that CWS can distinguish between levels of
expertise, espedally when the focus is on the most relevant cues. We ae avare of the drcularity
in this reasoning. How do we know the auditors were redly “experts’? We have relied uponthe
judgment of the researchers, trusting that at least roughly they were aleto dstinguish experts
from non-experts. We dso used external information suppied by a subjed matter “expert”, the
knowledge of cue relevancy, to help vali date the index.

Limitations

Because in general we do nd presume domain knowledge, we can be misled if a
candidate atends consistently to inappropriate stimulus fedures. Our criteria ae necessary but
not sufficient. That is, expert judgment yields high CWS, bu high CWS does nat guarantee
expertise. A figure skating judge who evaluates the contenders primarily onthe basis of, say,
appeaance (weighting costume and hair style heavily) would be deemed to show expertise
acording to ou index - if thase dtributes were used to discriminate wnsistently among the
athletes. Clealy, thisisnot red expertise for the task of judging athletic performance A general
approadc toward resolving the ambiguity isto ask for several kinds of judgments using the same
stimuli, a strategy reminiscent of the dassc multitrait-multimethod approach to construct
validity (Campbell & Fiske, 1959.

A CWSindex can only be interpreted relatively, na absolutely. That is, CWSis

meaningful only in a comparative sense, i.e., it can be used to say which of two candidatesis
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performing better with this particular set of stimuli. Any empiricd index will have this charader,
unless simulus-spedfic performance norms are available. If true expertiseisrarefor the
judgments we request, we may not include any expertsin the study. Hence, the identified
“experts’ may not redly be very expert.

Future Diredions

CWS may be valuable in longitudinal studies on the development of expertise. We can
separate the comporents, to seeif the bulk of the improvement comes from improved
consistency, as has been suggested by Ashby and Maddax (1992). If it turns out that those with
higher CWS at the beginning of training maintain their superiority, then aselediontod is
avail able. We have arealy seen CWS scores improving with pradice (Friel, Thomas, Shanteau,
& Raade, 200).

The overarching chall enge is to apply our index to the other categories of expertise. Does
the caegorization we present in Table 1 have more than heuristic value? Although the utility of
the CWS index does not depend onthe propacsed hierarchy, our understanding of the nature of
expertise would be enhanced by crosstask, within-subjea comparisons. A pradicd implicaion
of the structure is that training in judgment might contribute more to expertise in instruction than
asimilar investment in training of spedalized performance skill s.

We have focused ontasks for which thereis no clea-cut objedive performanceindex. In
situations where avalid, urconfounced oucome measure is avail able, how will expertise &
asesd by CWS compare to expertise measured by deviations from corred answers? If the
asesgnents were in acard, perhaps keptics would be willi ng to trust CWS. We recogni ze that
ladk of sufficiency inhibits acceptance

Conclusion

CWS has been useful for evaluating judgmental expertise in medicd diagnosis, auditing
dedsions, and personrel seledion. We have dso had some successapplying CWSto
performance expertise in air traffic control (Thomas, Will ems, Shanteau, Raadke, & Friel, 2001)).

The latter deserves ome daboration. The ar traffic system depends on the skill s of controllersto
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manage the order and spaadng of flights aadossthe courtry and aroundthe world. Their expertise
isan important pradica concen. The gold standard of safe arival provides an insensitive
criterion for discriminating among controllers. While we ae dl grateful that so few acadents or
incursions occur, the paucity of data need na imply that al controllers are equally proficient.

CWS s an approach that can be used to seled, train, evaluate, and enhance performance
When the @ntroller’ s performanceis dependent uponequipment, CWS can be mnsidered to be
evaluating the coombination d human and machine. Therefore, by studying the expertise
displayed a given controll er whil e using diff erent suppating equipment, we can compare the
relative contribution d the tods. Theissue addressed by CWSis of importancenct only to
reseachers, bu also to a pulic that relies heavily uponskill ed professonals working with
complex apparatus.

As members of groups, we ae dl cdled uponto make important dedsions. We may, or
may not, be qualified to make those dedsions. Democratic tendencies prevail when dfferential
expertise has not been established o is philosophicaly objedionable. The democratic goproach
considers the judgments of everyone, with equal merit given to al. For example, acalemic
departments often employ democratic procedures, with equal votes for everyone, in personrel
seledion and retention deasions. Isit similarly appropriate to employ democracy to dedde upon
the department’ s next computer system?

Relianceuponaseled group d knowledgeable individuals is the antithesis of
democracy. When people agreeto surrender their dedsion making power to the dite, they are
entitled to asaurancethat those designated are truly cgpable. We believe that empiricd

asesgnent of expertiseis a mrnerstone of that assurance
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Appendix A

We propose the foll owing construction for the index with naminal data. The numerator
shoud capture the discrimination in the judge’ s assgnments. Because resporses are nominal, we
can measure only whether resporses agree amourt of discrepancy is nat defined. The fewer
matches among the resporses to diff erent stimuli, the better the discrimination. We compare the
number of obtained normatches among all pairs of resporsesto dfferent stimuli to the possble
number of matches to get the numerator for the CWS index.

For the denominator, we look for inconsistency among the resporses to the same stimuli.
Scoring over repli cations, the more matches among the resporses to the same stimulus, the more
consistent are the judgments. We cmmpare the number of non-matches among all pairs of
resporses to the same stimulus to the number of possble matches. We ill ustrate the

computations for some atificial datain Table Al.

Insert Table A1 here
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Footnotes

1. Credaivity may be avalued charaderistic for a performance epert, generating “inspired
inconsistency”. However, ou focus hereis on expert judgment; inconsistency in
evauationis cgpricious or randam, and produces chaos.

2. CWSratios using any of the propased dspersion measures stisfy our threerequirements.
It shoud be noted that scae invariance under linea transformation depends uponthe
ratio formulation d CWS; it does not obtain for other ways of integrating discrimination
and inconsistency, such as a difference measure. The dispersion measures are not linealy
related to ore another, and do nd in general produce mmparable placanents along a
continuum of expertise. The two measures that square diff erences, variance and standard

deviation, are monaonicdly related and so producerankings that agree
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Tablel

Categories of expertise

Evauation+ Qualitative or quantitative expresson = Expert Judgment
Evauation+ Projedion = Expert Prediction
Evauation+ Communicaion = Expert Instruction

Evaluation+ Exeaution = Expert Performance
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Table2
CWS for four doctors
Dispersion Dr. #18 Dr. #8 Dr. # 16 Dr. #23
Measure
Variance | CWS = CWS= CWS= CWS=
3365.185.80= | 490.73404.60= | 65.4036.10= 330.40434.00=
580.20 1.21 1.81 .76
Standard | CWS = CWsS= CWsS= CWS=
Deviation | 58.02.41= 22.15920.11= 8.086.01= 18.1820.83=
24.07 1.10 1.34 .87
Mean | CWS = CWsS= CWsS= CWsS=
Absolute | 35.761.40= 14.411.4= 3.843.30= 10.049.8=
Deviation | 25.54 1.26 1.16 1.02




Table3

Schumann-Bradley w values for ead pair of doctors

Dr. #18 Dr. #8 Dr. #16 Dr. #23

Dr. #18 479.50* 320.55* 763.42*
Dr. #8 1.50 1.59
Dr. #16 2.38

* = ggnificant at .05level, two-tail ed test
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TableAl

lustration d CWS Index for Nominal Data (four resporse dternatives)

Stimulus1 | Stimulus2 | Stimulus3 | Stimulus4 | Stimulus 5
Replicae 1 A D B C C
Replicae 2 A B B B B
Replicae 3 A B A B A
Matches 3 1 1 1 0

For both numerator and denominator, we utili ze the propartion o obtained pairwise norn
matches to pasgble matches. In measuring discrimination, a match is evidence of failure to
discriminate, so the greder the propation o observed nonmatches, the greaer the
discrimination. In measuring inconsistency, a match means the response was consistent, so the
greder the propation d observed nonmatches, the greaer the inconsistency. Expert
performanceis marked by few matches aaosscolumns (stimuli), and many matches within
columns (replicaions). If there ae no matches within columns — noconsistency at al - the CWS

ratio is undefined, bu that outcome unambiguouwsly conndes aladk of expertise.

. Non- matchescrosgolumns
CWS Numerator (Discrimination) = ,
Possiblenatchescros€olumns

Matrix

The number of posghble matches aaosscolumnsis most easily cdculated by subtrading
the number of passble within-column matches from the total number of passble matches. Each
response may be matched to any other, so the total number of passble matchesis 15C, (= 105).
There ae 3C, (= 3) posshble matches within ead column, so the number of possble within-
column matchesis 5 x 3C, (= 15). Therefore, there ae 90 passble matches aaosscolumns, and
15 passble matches within columns.

In the example &owe, there were 7 pairs of “A” resporsesin dfferent columns. “B” was

matched 18times, “C” once and “D” was not matched at all .
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90-26 _

Numerator = =.711

% Non— matchesvithincolumns

Possiblenatchesvithincolumns
Columns

CWS Denominator (Inconsistency) =

Denominator = @ =.60
15 ~

CWSNumerator '711—1185
CWSDenominator— .60 ~

CWSIndex =

il
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Figure Captions

Figure 1. Judgments of the probability of heat fail ure for five patients made by four doctors
(Skanér et a., 1999. Circles and squares how the first and second repli cations respedively. The
verticd axisfor eat pair of doctors (#¥18and #8, #16and #23 isthe same.

Figure 2. Mean CWS values for expert and novce aiditors for three céegories of cue
relevance (Ettenson, Shanteau, & Krogstad, 1987.

Figure 3. Mean CWS values for professona (PROF) and student (STU) personrel seledors.
Two attributes, recommendations (REC), and experience (EXP) were legally relevant, whil e the
other three @tributes, age, attradiveness(ATT) and gender (GEN) were nat (Shanteau & Nagy,
1984).
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