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Abstract: Methods of Wechsler subtest analysis have been challenged on both statis~ 
tical and theoretical grounds with nonnative, rather than ipsative, methods recom~ 
mended. Cluster analysis has previously been applied to the WISC~R standardization 
sample and resulted in identification of seven core profIle types distinguished pIi· 
marily by levels of global ability. This study compared the WISC-R proflles of 1,222 
special education students to those seven core types. More than 96% of the special ed~ 
ucation cases were found to be probabilistically similar to one of the core types iden~ 
tified in the standardization sample, and were therefore considered to be common 
variants of normal intellectual abilities. Only 3.6% of the clinical cases were unique in 
that they could not be categorized into one of the seven core profile types. No regu~ 
larity was found in their deviations from nonnality and statistically homogeneous sub­
groups could not be formed. It was concluded that these unique proflles reflected es­
sentially random and uninterpretable subtest variation. Based upon these data and 
other literature on subtest profile analysis, it was reconunended that "no way" be the 
response to Wechsler subtest analysis. 

The practice of analyzing Wechsler sub­
test scores has a long, controversial history 
in school psychology (Kehle, Clark, & Jen­
son, 1993; Sandoval, 1993; Zachary, 1990). 
Although Wechsler's original intent was to 
design a measure of intelligence which also 
would allow for distinctions between verbal 
and nonverbal functioning (Zachary, 1990), 
many clinicians have been unwilling to limit 
their use of the Wechsler scales to assessing 
global intellectual abilities and have instead 
attempted to fmd unique patterns of subtest 
scores that could differentially diagnose 
children as suffering from learning disabili­
ties, emotional disabilities, and mental re­
tardation. This tendency was encouraged by 
the passage of federal and state legislation 
which required school psychologists to ren­
der psychoeducational diagnoses in deter­
mining eligibility for special education ser­
vices. Initial correlational research compar­
ing subtest scatter to childhood disorders 
was promising (Dean, 1977; Waugh & Bush, 
1977), but this manifestation of subtest 

analysis eventually failed due to lack of em­
pirical support (Kavale & Forness, 1984; 
Kramer, Henning-Stout, Ullman, & Schellen­
berg, 1987; Macmann & Barnett, 1992; Mc­
Dermott, Fantuzzo, & Glutting, 1990; 
Mueller, Dennis, & Short, 1986; Sattler, 1988; 
Zachary, 1990). 

In current practice, subtest profile 
analysis is generally used to make infer­
ences about an individual's cognitive 
strengths and weaknesses; that is, to gener­
ate hypotheses about a person's cognitive 
abilities which might assist the evaluator in 
arriving at recommendations, treatments, 
and programs (Kaufman, 1976; Kaufman & 
Kaufman, 1993; Sattler, 1988). Kaufman's 
(1979) influential book directly stated the 
case for this type of subtest analysis and 
presented a systematic method for imple­
menting it with the WISC-R. More recently, 
Kaufman (Kaufman, Harrison, & Ittenbach, 
1990) reiterated the Importance of a "sys­
tematic, logical approach to the under­
standing of subtest fluctuations" (p. 294) 
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and clearly differentiated between the right 
and wrong ways to use subtest analysis. 
Briefly, the wrong way was described as 
one which treats each subtest as an isolated 
set of skills to be interpreted one or two at 
a time without placing them in the context 
of verbal, performance, or full scale IQ 
scores. In contrast, the right way was delin­
eated as: (a) comparing subtest scores 
against the mean of the broader cognitive 
factor of which each is a component, (b) de­
termining statistically if each sub test signif­
icantly differs from the broader mean, and 
(c) interpreting a subtest score as repre­
senting a specific strength or weakness in 
ability only if it differs significantly from the 
mean of its factor score. 

Kaufman's systematic method of sub­
test analysis has achieved immense popu­
larity in school psychology tralning and 
practice. Examples of Kaufman's approach, 
or similar systems, abound in case reports 
and textbooks (Kamphaus, 1993; Knoff, 
1986; Sattler, 1988, 1992) as well as in com­
puter software applications (Psychological 
Corporation, 1986; Watkins & Kush, 1988). 

Subtest analysis for hypothesis genera­
tion has, however, been challenged on both 
statistical and theoretical grounds. Reschly 
and Grimes (1990) noted that the differ­
ences identified in subtest analyses are 
likely to be unreliable. Cahan and Cohen 
(1988) detailed the low statistical power 
and high proportion of classification errors 
involved in testing for the statistical signifi­
cance of subtest score differences and con­
cluded that subtest significance testing 
should be abandoned. Similarly, difficulties 
with multiple statistical tests of sub test 
score differences have been noted by 
Krauskopf (1991) and Silverstein (1993). 
Kramer and colleagues (Kramer et al., 1987) 
considered that weak profile stability and 
treatment validity, among other factors, 
warranted against the usefulness of sub test 
analysis. 

Subtest analysis is paradigmatic of ip­
sative measurement. Ipsative scores, in the 
case of the WISC-R, are typically calculated 
by subtracting each sub test score from the 
average score of the battery, scale, or factor. 
This produces a profile of positive and neg­
ative deviations from the average perfor­
mance commonly interpreted as a pattern 

of cognitive strengths and weaknesses sIn­
gularly characteristic of the child being ex­
amined. When viewed from an ipsative mea­
surement perspective, subtest analysis is 
considered to be a measure of intraindivid­
ual differences to which a large body of sta­
tistical knowledge can be applied (Cattell, 
1944; Clemans, 1965; Hicks, 1970). Gorsuch 
(1974) theorized that ipsatization mlnimizes 
a general factor by eliminating the mean dif­
ferences. After considering ipsative ability 
measures and numerical theory, Jensen 
(1992) concluded that subtest analysis is 
"practically worthless" (p. 276) because ip­
sative scores, by definltion, remove general 
ability variance. Jensen's assessment was 
corroborated by McDermott, Fantuzzo, and 
Glutting (1990), who demonstrated that the 
ipsatization of WISC-R scores produced a 
loss of almost 600A> of the test's reliable vari­
ance. McDermott, Fantuzzo, Glutting, 
Watkins, and Baggaley (1992) also analyzed 
an ipsative approach to the WISC-R and 
found that: (a) the correlation between 
WISC-R ipsative scores and generallntelli­
gence was significantly reduced, (b) short­
term and long-term reliability of WISC-R ip­
sative scores were considerably lower than 
WISC-R normative scores, and (c) ipsative 
WISC-R scores exhibited a very weak rela­
tionship to academic achievement tests 
when contrasted to normative WISC-R 
scores. These authors concluded that com­
parisons among subtests violate the pri­
mary principles of valid test Interpretation. 

Psychometrically, it has been suggested 
that multivariate normative, rather than ip­
sative, procedures are required if individual 
cognitive differences are to be studied 
(Sternberg, 1984). McDermott, Glutting, 
Jones, Watkins, and Kush (1989) presented 
such a method for the WISC-R, based upon 
cluster analysis. Cluster analytic techniques 
also have been referred to as numerical tax­
onomy, pattern recognltion, and Q factor 
analysis. As described by Ward (1963), 
these techniques are used when it is desir­
able to cluster large numbers of persons 
into smaller numbers of mutually exclusive 
groups, each optimally homogeneous with 
respect to the elevation and shape of the 
clustering variables. Conceptually, cluster 
analysis might be considered the inverse of 
factor analysis where similar individuals are 
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grouped together. rather than similar vari­
ables. 

Using WISC-R subtest scores as cluster­
ing variables, McDennott, Glutting, Jones, 
Watkins, and Kush (1989) identified seven 
nonnative profIle types based on the WISC­
R standardization sample. These core types, 
as presented in Figure 1, were primarily dis­
tinguished by differences in levels of global 
ability and to a lesser extent by subtest con­
figurations based upon factor analytic di­
mensions (Kaufman, 1975). 

The foregoing discussion has reviewed 
two major motivations for WISC-R subtest 
profIle analysis: differential diagnosis and 
generation of hypotheses concerning an ex­
aminee's cognitive strengths and weak­
nesses. The fonner method has generally 
been abandoned due to a lack of empirical 
and referential support. The later approach 
has achieved widespread popularity in 
school psychology even though statistical 
and theoretical analyses suggest that it is fa­
tally flawed and should be replaced with 
multivariate nonnative methods. 

A comparison of WISC-R clinical pro­
fIles to the nonnative population would de­
termine the rarity or uniqueness of subtest 
scatter in populations ordinarily seen by 
school psychologists. The purpose of this 
study, therefore, was to apply the WISC-R 
nonnative typology identified by McDer­
mott, Gluttiing, Jones, Watkins, and Kush 
(1989) to WISC-R profIles obtained from a 
large special education population. If the 
special education clinical profIles are deter­
mined to be probabilistically similar to one 
of the seven core types, then they must be 
considered to be an undistinctive variant of 
nonnal intellectual functioning and not 
open to interpretation through sub test 
analysis. On the other hand, clinical WISC-R 
subtest profIles that deviate significantly 
from nonnative population types could be 
analyzed further to determine what attrib­
utes distinguish them from common or nor­
mal childhood intellectual variation. The 
use of subtest analysis to identify cognitive 
strengths and weaknesses would receive 
empirical support if stable discriminating 
attributes can be identified in these nonnor­
mal clinical profIles. Conversely, essentially 
random and meaningless variation within 
these nonnormal subtest profIles would fail 

to substantiate the utility of subtest analy­
sis. 

METHOD 

Subjects 

Students enrolled in a southwestern, 
suburban school district special education 
program who received comprehensive psy­
chological evaluations during a 6-year pe­
riod served as subjects. They were selected 
from special education records based upon 
two criteria: (a) cognitive assessment in­
cluded 11 subtests of the WISC-R and (b) di­
agnosis of learning disability (LD), emo­
tional handicap (Ell), or mental retardation 
(MR). State special education rules and reg­
ulations, which governed diagnostic deci­
sions, were very shnilar to PL 94-142 rules. 
That is, (a) learning disability was dermed 
as a significant ability-achievement discrep­
ancy, (b) emotional handicap was condi­
tioned upon one of five emotional charac­
teristics affecting educational progress, and 
(c) mental retardation required deficits in 
intellectual functioning and adaptive behav­
ior. 

These selection criteria identified 1,222 
subjects. Of this total, 9()O;6 were enrolled in 
Grades 1-13. Special education membership 
was 8()O;6 LD, 16% EH, and 4% MR. Gender 
distribution was 69% male and 31% female. 
Ethnic membership was 92% White, 1% 
Black, 6% Hispanic, and 2% other. 

Academic achievement levels in read­
ing, math, and written language were ob­
tained for the most recently evaluated 280 
students with the Woodcock Johnson-Re­
vised achievement battery. Table 1 presents 
mean Verbal IQ (VlQ), Perfonnance IQ 
(PIQ), Full Scale IQ (FSIQ), and achieve­
ment standard scores for subjects by spe­
cial education classification. An estimate of 
the maguitude of ability-achievement dis­
crepancies was computed by subtracting 
the lowest academic score (reading, math, 
or written langoage) from the highest intel­
lectual score (VIQ, PIQ, or FSIQ). Scrutiny 
of the mean difference scores in Table 1 in­
dicates that all students achieved at lower 
than expected levels, with students diag­
nosed as LD being most discrepant from ex­
pectancy. 
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TABLE I 
Students' Mean Intellectual, Achievement, and Discrepancy 

Scores by Special Education Category 

Special Education Category 

LD EH MR 

WISCRIQs 

N 974 195 53 

VlQ 91.7 92.1 64.9 

PIQ 98.8 97.5 64.0 

FSIQ 94.6 94.1 62.0 

Woodcock.Johnson Revised AchIevement Standard Score 

N 231 

Reading 80.1 

Math 85.3 

Written Language 75.7 

IQ-AchIevement Discrepancy 

Highest IQ 101.2 

Lowest Achievement 72.2 

Discrepancy 29.3 

Procedure 

The seven core profile types identified 
by McDermott, Glutting, Jones, Watkins, 
and Kush (1989) withIn tbe WISC-R stan­
dardization population served as the norma­
tive standard That is, tbe empirical typol­
ogy of core subtest profiles existing witbin 
tbe population of normal children served as 
tbe standard to whIch clinical WISC-R sub­
test profiles were compared to determine 
tbeir relative rarity or uniqueness and con­
sequent clinical meaningfulness. 

Similarity of subjects' WISC-R profiles 
to tbe seven core types found in the popula­
tion was assessed witb tbe r (k) group sim­
ilarity coefficient for correlated variables 
(Tatsuoka, 1974; Tatsuoka & Lohnes, 1988). 
It has been empirically demonstrated tbat 
rp(k) is equal or superior to all other profile 
similarity measures in classification accu­
racy (Carroll & Field, 1974). Each rp(k) 
value reflects tbe level and shape similarity 
of tbe individual subtest profile to each core 
type in tbe population. The values of rp(k) 
range from -1.0 to + 1.0 and are interpreted 

33 16 

92.7 72.0 

90.8 57.6 

81.8 64.9 

100.3 68.5 

79.0 54.8 

20.6 15.2 

much like correlation coefficients where a 
value of + 1.0 indicates identical profile level 
and shape, a zero value indicates chance 
similarity, and a negative value indicates 
dissimilarity. 

As noted by Glutting, McGratb, Kam­
phaus, and McDermott (1992), no absolute 
criteria exists for tbe identification of un­
usual profiles. Selection of a criteria in tbe 
present study was guided by several consid­
erations. First, reverse application of tbe 
rp(k) classification procedure to tbe WISC­
R standardization sample suggested an 
rp(k) value of .30. This critical value trans­
lated into a WISC-R standardization sample 
prevalence of 1.5%. When applied to tbe 
special education sample, an rp(k) of .30 
identified 3.6% of tbe subjects. Most school 
psychologists would agree tbat a preva­
lence rate of 1.5% to 3.6% is sufficiently in­
frequent to be considered uncommon. On 
the otber hand, use of a larger rp(k) critical 
value led to loss of uniqueness (i.e., an rp(k) 
of .40 identified 11% of the standardization 
sample and 20% of tbe special education 
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FlGURE 1. Mean W1SC·R subtest patterns ror seven core prome types plus the unique speclal 
education profile. 
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Note: IN", Information, SM '= Similarities, AR:: Arithmetic, VO '" Vocabulary, eM '" Comprehension, DS", Digit 
Span, PC = Picture Completion, PA = Picture Arrangement, BD = Block Design, OA = Object Assembly, CD = 
Coding. 

sample). Second, this .30 criterion is con· 
gruent with critical values reported in simi· 
lar research with the K·ABC (Glutting et al., 
1992), WISC·R (McDennott, Glutting, Jones, 
Watkins, & Kush, 1989), WPPSI (Glutting & 
McDermott, 1990), and WAIS·R (MeDer· 
mott, Glutting, Jones, & Noonan, 1989). 
Third, analogous to correlation coefficients, 
the probability of obtaining a rp(k) value of 

.30 by chance is less than one in ten (Cattell, 
Coulter, & Tsl\jioka, 1966). 

Based upon these considerations, an 
'.(k) similarity index of .30 was adopted as 
the criterion for identifying unique WISC·R 
profiles. Each WISC-R clinical case was 
then statistically compared to each of the 
seven core profiles, which generated seven 
Tp(k) values for each case. These rp(k) val-
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TABLE 2 
WISC·R Subtest Profiles Classified Into Seven Core Types and One Unique 

Group via rp(k) Across Special Education Categories witb 
Mean VlQ, PIQ, and FSIQ for Each Type 

Percent of 
Type Total Sample 

High 2.1 

Above average 3.3 

Slightly above average 15.3 

Average 31.0 

Slightly below average 5.5 

Below average 27.7 

Low 11.5 

Unique 3.6 

ues expressed the similarity of that clinical 
Case to each of the seven normative core 
profile types. If all seven rp(k) values for an 
individual profile were less than .30 then the 
individual subtest profile was considered 
unique in that it was probably not a member 
of (not similar to) a core type in the normal 
population. This was accomplished with a 
computer program which represented each 
core type with its mean subtest profile and 
sub test intercorrelations with the vari­
ance--covariance matrix specific to each 
core type (J. J. Glutting, personal communi­
cation, October 22, 1992). 

RESULTS 

Figure 1 indicates the present sample's 
mean subtest patterns for the seven stan­
dardization sample WISC-R core profile 
types (based upon data presented by Mc­
Dermott, Glutting, Jones, Watkins, and 
Kush, 1989) as well as the mean subtest pro­
file of 44 atypical special education cases 
that could not be grouped into one of the 
seven core profiles. 

Overall, the proportion of children clas­
sified into the seven core profiles from the 
special education sample was significantly 
different from the proportions found in the 
standardization sample (x = 585.9, df = 6, p 
< .0001). Typal comparisons of proportions 
were conducted to determine which profile 
types were more or less prevalent in the 

LD EH MR VlQ PIQ FSIQ 
N N N Mean Mean Mean 

23 3 0 117.5 119.4 120.9 

32 8 0 101.9 118.6 112.0 

145 42 0 105.7 103.4 105.2 

327 52 0 92.1 105.8 98.1 

48 9 0 95.5 88.2 91.1 

293 45 0 83.4 90.8 85.9 

68 20 53 71.4 72.0 69.6 

38 6 0 96.7 104.3 99.8 

special education population when com­
pared to the total populations. Statistical 
compartsons of the significance of the dif­
ference between two independent propor­
tions (Ferguson, 1966) revealed that the 
special education population contained a 
greater proportion of students in the low, 
below average, and average profile types 
and a smaller proportion of students in the 
high and above average profile types. 

Classification results from the special 
education population clearly indicate that 
3.6% of the clinical cases were unusual 
when contrasted to the core types found in 
the normative populations (see Table 2). 
Analysis of the demographic structure of 
the 44 atypical students found that they 
were predominantly White (N = 43), male 
(N = 42), and learning disabled (N = 38). 
The distribution of cases across grade level 
was relatively even and reflected the distri­
bution of the entire special education popu­
lation. 

Two hypotheses were explored to fur­
ther interpret these results: (a) these cases 
are unique and reflect meaningful subtest 
fluctuation and (b) these cases are unique 
but reflect essentially random and meaning­
less subtest variation. To help explicate 
these two hypotheses, a hierarchical clus­
tering analysis was conducted to detect the 
presence of meaningful groups embedded 
within the 44 unique WISC-R subtest pro­
files. The SPSS implementation of Ward's 
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method of using squared Euclidian distance 
was employed (SPSS, 1990) because it al­
lows for superior population recovery 
(Aldenderfer & Blashfield, 1984). A priori 
stopping criteria consisted of: (a) an initial 
inspection of the dendogram followed by 
scrutiny of the total error sums of squares 
statistic at each step for atypical inflections 
and (b) an average within-profIle homo­
geneity coefficient (H; Tryon & Bailey, 1970) 
> .60. Conceptually, the first criterion is 
analogous to the more familiar scree test 
used to determine the number of factors to 
rotate in factor analysis (Aldenderfer & 
Blashfield, 1984). The second criterion, (H), 
is a function of within-cluster variance as a 
proportion of total variance and reflects the 
internal coherence or "tightness" of the 
clusters (Tryon & Bailey, 1970). Neither cri­
terion was achieved. Thus, no recoverable 
homogeneous clusters existed in this group 
of unique WISC-R subtest profIles. 

The effort to discriminate between 
meaningful and random subtest variation in 
these 44 atypical cases was expanded by ap­
plying Kaufman's clinical interpretation sys­
tem (Kaufman, 1979). As noted by Kaufman, 
Harrison, and Ittenbach (1990), "diagnostic 
decisions should not be based, even par­
tially, on a significant V-P discrepancy or on 
the existence of Significant strengths and 
weaknesses in the subtest profIle unless the 
fluctuations occur infrequently in the nor­
mal population" (p. 300). Of the 44 unique 
profIles, 26 exhibited PIQ > VIQ differences 
(mean difference; 19.1) and 17 displayed 
VIQ > PIQ differences (mean difference; 
10.5). Based upon prevalence data provided 
by Kaufman, Harrison, and Ittenbach 
(1990), eight of these cases had VIQ--PIQ 
discrepancies that could be considered un­
usual in the general population (less than 
5% prevalence). Thus, VIQ-PIQ differences 
were more common in these atypical spe­
cial education cases than would be ex­
pected (18% versus 5%). Six of these eight 
uncommon discrepancies were of the PIQ > 
VIQ pattern. Descriptive statistics for the 
WISC-R subtests of the 44 unique special ed­
ucation promes are presented in Table 3. 
Review of this descriptive information 
should be guided by results of previous data 
analyses. Caution must be exercised when 
making intuitive interpretations of random-

ness (Bar-Hillel & Wagenaar, 1993), when 
submitting sampling variability to causal ex­
planation (Tversky & Kahneman, 1993), and 
applying group statistics to an individual 
(Dawes, Faust, & Meehl, 1993). 

Factor deviation quotients were calcu­
lated from formulae developed by Gutkin 
(1979). Each subtest was compared to the 
mean of the factor of which it was a mem­
ber utilizing Bouferroni error correction for 
multiple comparisons via formulae pre­
sented by Sattler (1988) based upon the spe­
cific age of each student. All deviations 
from factor mean scores of p < .01 were 
deemed significant. Approximately 20% of 
the cases exhibited no significant devia­
tions from factor means. Another 24% had 
one deviation, 34% had two deviations, 20% 
had three deviations, and 2% had four devi­
ations. The subtests which deviated most 
frequently (n ; 9) were Iuformation, Cod­
ing, Picture Completion, and Picture 
Arrangement while Vocabulary and Com­
prehension deviated least frequently (n ; 
2). Based upon prevalence data provided by 
Kaufman, Harrison, and Ittenbach (1990), 8 
of these cases had a verbal scaled score 
range and 16 had a performance scaled 
score range that could be considered un­
usual in the general population (less than 
5% prevalence). When using Sattler's (1988, 
p. 166) terminology, 40 of the 44 students in 
the current study showed moderate subtest 
variability and only 4 students showed ex­
treme subtest variability. Thus, subtest 
score scatter was more common in these 
atypical special education cases than would 
be expected in a normal population (18-36% 
versus 5%). 

DISCUSSION 

McDermott, Glutting, Jones, Watkins, 
and Kush (1989) identified seven core pro­
fIle types in the WISC-R normative popula­
tion primarily distinguished by differences 
in levels of global ability. The present inves­
tigation applied multivariate normative 
methods to the study of individual WISC-R 
differences by comparing the WISC-R sub­
test promes of 1,222 special education 
cases to the normative population to deter­
mine the rarity or ordinariness of those clin­
ical promes. It was found that 96.4% of the 
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TABLE 3 
Standard Score Means, Standard Deviations, and Ranges for 
WISC-R Subtests, VIQ, PIQ, FSIQ, VC, PO, and FD for Unique 

Special Education Students 

Variable Mean 

Information 8.0 

Similarities 11.2 

Arithmetic 8.0 

Vocabulary 9.6 

Comprehension 10.6 

Digit Span 6.8 

Picture Completion 12.3 

Picture Arrangement 10.6 

Block Design 11.4 

Object Assembly 12.9 

Coding 6.1 

VerballQ 96.7 

Performance IQ 104.3 

Full Scale IQ 99.8 

Verbal Comprehension 99.2 

Perceptual Organization II 1.6 

Freedom from Distractibility 80.1 

special education population displayed sub­
test profiles that were probabilistically sim­
ilar to the WISC-R standardization sample. 
That is, more than 96% of the special educa­
tion clinical profiles were statistically simi­
lar to one of the seven core WISC-R types 
and must be considered common and 
undistinctive variants of normal intellectual 
abilities not open to interpretation via sub­
test profile analysis. 

Only approximately 4% of the special 
education WISC-R subtest profiles could 
not be classified as members of one of the 
seven core population types and, therefore, 
were deemed unique and eligible for further 
analysis to identify attributes that could re­
liably distinguish them from common sub­
test profiles. These 44 subtest profiles, not 
parsimoniously similar to core population 
types, were submitted to a subsequent clus­
tering algorithm to detect any meaningful 
grouping, but no homogeneous clusters 
were identified. Descriptively, the nonclas-

SD Minimum Maximum 

2.3 3 12 

2.9 2 18 

2.4 3 13 

2.4 2 14 

2.2 6 15 

2.7 2 17 

2.7 7 18 

4.0 1 18 

3.8 I 18 

3.8 4 19 

2.7 I 14 

8.4 70 114 

15.0 74 131 

8.6 89 123 

10.2 72 122 

15.8 76 135 

10.6 63 II3 

sifted sample, as a group, exhibited more 
VIQ-PIQ differences and more subtest scat­
ter than is generally found in the normal 
population. There were no other discernible 
clinical patterns and it is unclear what the 
obtained VIQ-PIQ differences and subtest 
scatter can mean beyond reflecting the fac­
torial structure of the WISC-R. Although 
these unique special education profiles de­
viate from normality in some ways, it ap­
pears that they depict essentially random 
subtest variation. Thus, the present re­
search has failed to empirically support the 
utility of Wechsler subtest profile analysis. 

The practical implications of these re­
sults for school psychology practice are 
clear. WISC-R profiles that reflect clinically 
unique scatter are quite rare in both normal 
and special education groups. Our analysis 
of the WISC-R profiles of more than 1,200 
special education students indicated that 
these children were best grouped according 
to their general ability level and, to a lesser 



648 School Psychology Review, 1994, Vol. 23, No.4 

degree, by the verbal, perceptual organiza­
tion, and freedom from distractibility fac­
tors. Based on these data, the practicing 
school psychologist can expect to en­
counter an unusual WISC-R profile in only 
approximately 4% of the special education 
population, and even less frequently (1.5%) 
in the normal population. Given their own 
referral rates, school psychologists can esti­
mate the frequency with which they should 
expect to encounter nonnormal profiles: 25 
evaluations in a year might produce one 
unique profile; 50 psychological evaluations 
in a year would result in one or two unique 
profiles; and a busy year of 100 psychologi­
cal evaluations would yield only two to four 
unique profiles. 

Beyond this rarity, there is no way for 
the school psychologist to reliably identify 
those few unique Wechsler profiles without 
applying the computationality complex 
rp(k) group similarity coefficient for corre­
lated variables (Tatsuoka, 1974; Tatsuoka & 
Lohnes, 1988) to each case. Less onerous 
computational methods based upon gener­
alized distance theory, as detailed by Mc­
Dermott and colleagues (1989), are avail­
able but considerably less valid since they 
identified two false positives for each true 
positive when applied to all 1,222 special 
education cases. 

Even after solving the problems of rar­
ity and unreliable identification, the school 
psychologist has no valid way to interpret 
the variability of these cases. No regularity 
was found in these unique special education 
profiles' deviations from normality and sta­
tistically homogeneous subgroups could 
not be formed. Thus, it appears that they re­
flect essentially random and uninter­
pretable subtest variation. 

Our findings strongly suggest that prac­
titioners more closely attend to the cautions 
expressed in the literature surrounding the 
practice of subtest profile analysis (Cahan 
& Cohen, 1988; Glutting & McDermott, 
1990; Glutting et aI., 1992; Jensen, 1992; 
Kavale & Forness, 1984; Kramer et aI., 1987; 
Krauskopf, 1991; Macmann & Barnett, 1992; 
Matarazzo, 1990; McDermott, Fantuzzo, & 
Glutting, 1990; McDermott et a!., 1992; Mc­
Dermott, Glutting, Jones, & Noonan, 1989; 
McDermott et al., 1989; Reschly & Grimes, 
1990; Silverstein, 1993). The present study, 

when considered within the context of this 
extensive body of critical commentaries, 
can only question the probity of Wechsler 
subtest analysis. The interpretation of 
WISC-R subtest scatter, either for differen­
tial diagnosis or for hypothesis generation, 
has not been empirically supported. It is 
necessary, therefore, to conclude that dis­
cussions ofthe "right" and "wrong" ways to 
conduct subtest analysis be abandoned in 
favor of the conclusion that "no way" exists 
to reliably identify unique Wechsler subtest 
profiles which reflect anything other than 
essentially random, meaningless, and unin­
terpretable subtest variation. 

Several limitations of this research 
should be understood when examining 
these results and conclusions. First, out­
comes from our WISC-R analysis cannot be 
uncritically applied to the third edition of 
the Wechsler Intelligence Scale for Chil­
dren. Although the WISC-R and WISC-III are 
quite similar (Little, 1992), WISC-R results 
should not be extended to the WISC-III 
without empirical verification. It seems un­
likely, however, that data will be obtained 
from the WISC-III which contradict results 
from the K-ABC (Glutting et aI., 1992), 
WISC-R (McDermott, Glutting, Jones, 
Watkins, & Kush, 1989), WPPSI (Glutting & 
McDermott, 1990), and WAIS-R (McDer­
mott, Glutting, Jones, & Noonan, 1989). 

Second, the rp(k) criterion applied in 
this research was directiy related to the pro­
portion of unique cases identified and, con­
sequently, to the conclusions generated by 
that case data. The rp(k) level selected for 
this study was consonant with previous re­
search in cognitive functioning (Glutting et 
aI., 1992; Glutting & McDermott, 1990; Mc­
Dermott et aI., 1989; McDermott, Glutting, 
Jones, & Noonan, 1989) and should be a rea­
sonably accurate standard. Nevertheless, 
the subjectivity involved in selecting an 
rp(k) criterion level might constitute a 
threat to the generalizability of these re­
sults. 

Third, the special education population 
investigated in this article might be some­
how unrepresentative of other special edu­
cation students or clinical cases. The large 
sample size (N = 1,222) mitigates against 
this risk, but subtle selection biases also 
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might represent a threat to generalization of 
our results. 

Fourth, the negative results obtained in 
this research on subtest profIle analysis 
should not be extrapolated to the use of in­
telligence tests in general. Despite the so­
cial and psychometric limitations of intel­
lectual testing, the concept of global intelli­
gence continues to offer much in terms of 
descriptive and predictive clinical utility. In 
addition, the verbal and performance fac­
tors of the WISC-R may provide important 
information concerning individual student 
strengths and wealmesses. It is becoming 
increasingly clear that coguitive ability tests 
predict job performance in a wide variety of 
occupations (Barrett & Depinet, 1991) and 
considerable evidence exists that IQ tests 
are a good guide to future academic 
achievement (Weinberg, 1989). Thus, use of 
the WISC-R as a measure of vocational or 
scholastic ability has not been addressed by 
our data. 

Given the identified limitations of our 
research and the significance of this topic, it 
is important that further empirical investi­
gations of Wechsler subtest profIle analysis 
be conducted. One strongly recommended 
approach is replication of this research, 
substituting the WISC-III for the WISC-R 
within diverse special education and nor­
mal populations while applying comple­
mentary statistical grouping and classifica­
tion methods. 
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