Journal of Education and Development; Vol. 5, No. 1; April, 2021
ISSN 2529-7996 E-ISSN 2591-7250
Published by July Press

Cognitive Profile Patterns Are Affected by Measurement Precision

Sorel Cahan®, Hendrik Jurges? & Jenni Hannin*
School of Education, The Hebrew University of Jerusalem, Israel
2 Schumpeter School of Business and Economics, University of Wuppertal, Wuppertal, Germany

Correspondence: Sorel Cahan, School of Education, The Hebrew University of Jerusalem, Mount Scopus,
Jerusalem, 91905, Israel.

Received: February 10, 2021 Accepted: March 18, 2021 Online Published: April 6, 2021
doi:10.20849/jed.v5i1.853 URL.: https://doi.org/10.20849/jed.v5i1.853
Abstract

A necessary, albeit tacit assumption underlying pattern analysis of cognitive profiles is that an examinee’s
profile pattern is not affected by the level of precision used in measuring the subtest, index or factor scores. We
empirically test the truth of this assumption across various precision levels, such as 1Q points (1/15SD), T-scores
(0.1SD), scaled scores (1/3SD) and stanines (0.5SD). The results clearly refute the pattern stability assumption.
They question the very uniqueness of profile patterns as a stable individual characteristic and challenge their use
in both clinical practice and scientific research. Possible solutions are suggested and critically examined.
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1. Introduction
1.1 Cognitive Patterns

Cognitive tests, such as the Wechsler Intelligence Scale for Children (WISC-V; Wechsler, 2014) typically yield,
in addition to the total, overall 1Q score, a series of subtest, index or factor scores, often referred to as the
individual’s cognitive “profile” (Angoff, 1971). Since these scores are expressed on a common (usually
standardized) metric, they invite ipsative comparisons between an individual’s scores on different subtests or
indexes (e.g., Bolen, 1998; Naglieri & Paolitto, 2005). For any two scores, A and B, the question is whether
A>B, A<B, or A=B. Taken simultaneously, the results of these comparisons determine the “pattern” of the
individual’s cognitive profile, that is, the within-individual rank order of the scaled subtest or index scores.
Given the trichotomous nature of the magnitude relation between any two scores (see above), the number of
theoretically possible different profile patterns depends on the number of subtest scores included in the profile:

g =(5)9@+(}) g +~+(,")gn-1) (1)

Where: g(n) is the number of possible profile-patterns created by n subtest scores and g(0)=1. According to this
formula, two subtest scores can yield three distinct profile patterns, three subtests can yield 13 possible distinct
profile-patterns?, four subtests result in 75 potential patterns and five subtests can yield close to 10,000 (!)
different profile-patterns.

Importantly, profile pattern is independent of the profile’s elevation (the average score across subscales)
(Cronbach & Gleser, 1953; Watkins, Glutting, & Youngstrom, 2005). Two profiles can have the same elevation,
but different patterns and vice-versa (Watkins et al., 2005). Thus, profile-patterns provide rich and valuable
information regarding individuals’ relative cognitive strengths and weaknesses, beyond that provided by the total
test score. That explains their frequent use in psychological diagnosis, counseling and therapy (e.g., Bergeron &
Floyd, 2006; Bolen, 1998; Gati, Landman, Davidovitch, Asulin-Peretz, & Gadassi, 2010; Robinson & Harrison,
2005; Willner, Gati, & Guan, 2015; Wright et al., 2013).

In addition, profile patterns have been the subject of extensive empirical research aimed at the identification of
patterns that are shared by the majority of the individual members of a particular group (i.e., “typical” patterns)
and vary between groups, where groups are defined by sociodemographic or psychological characteristics. For
example, one of the first studies (Lesser, Fifer, & Clark, 1965) reported considerable differences in cognitive
patterns between children from different ethnic backgrounds: “The Chinese children were very strong in space
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and considerably weaker...on verbal ability...the verbal skills of the Jewish children were clearly superior
to...their own abilities in other intellectual areas...the verbal skills of the Puerto Rican children were the weakest
of all their mental abilities” (Lesser et al., 1965, pp.71-72).

Distinct cognitive patterns have also been reported for intellectually gifted children (Raiford et al., 2016), for
children with low academic performance (Souroulla and Panayiotou, 2017), for children with learning
disabilities (McDiarmid, 1993; Toffalini, Giofr& & Cornoldi, 2017), autism (Nader, Courchesne, Dawson, &
Soulieres (2016), and ADHD (attention deficit with hyperactivity; Dickerson-Mayes, Calhoun, Chase, Mink, &
Stagg, 2009; Hale et al., 2012; Mayes, Calhoun, Mayes, & Molitoris, 2012). Furthermore, and more important
from the perspective of differential diagnosis, different profile patterns have also been reported for children with
different pathologies (e.g., Fiorello et al., 2008); for example, between children with ADHD and children on the
autistic spectrum (Zayat, Kalb, & Wodka, 2011).

1.2 Stability of Cognitive Patterns Across Measurement Precision Levels

A necessary, albeit tacit assumption underlying pattern analysis of cognitive test scores is that an examinee’s
profile pattern is not affected by the arbitrary level of measurement precision used, that is— the magnitude of the
unit used for measuring the various scores. In other words, it is assumed that the pattern obtained using a given
measurement unit-usually a specific fraction of the population standard deviation (SD), such as 1/15SD (1Q
point), 0.10SD (T scores), 1/3SD (scaled scores) or 0.5SD (stanines)-will remain invariable if the specific
measurement unit used is replaced by a different unit, be it larger or smaller®.

If this critical assumption does not hold empirically true, then an examinee’s profile pattern might be specific to
the particular measurement unit used, rather than a stable individual characteristic and, therefore, not
generalizable across measurement units. Use of a different, however equally legitimate unit of measurement
could yield a different pattern. Pattern invariance across different degrees of measurement precision (or
measurement units) is thus a sine qua non condition for the meaningfulness of pattern analysis of cognitive score
profiles and their valid use in both practice and research.

Surprisingly, however, the literature is silent regarding this crucial issue. An extensive search of the theoretical
and empirical literature in the field found no theoretical discussion of the pattern invariance assumption nor
empirical studies that examined it. This work aims at filling this gap; that is, to empirically test the invariance
assumption at the basis of pattern analysis of cognitive profiles and discuss the implications of our results. For
this purpose, we make use of the rich database built in the framework of the recent research project, titled:
“Determinants of Cognitive Development in Deprived Environments: Evidence from the West Bank”™.

2. Method
2.1 Target Population and Sample

The target population consisted of all fifth to ninth grade students attending gender-segregated public schools in
the Palestinian West Bank, and included all the above-mentioned grade levels in the 2012-13 school year. A
stratified random sample of 100 schools (out of the total population of 463 schools) was selected from the three
educational regions in the West Bank (north, center and south). From each sampled school, 60 students were
randomly selected (12 students from each grade, 5th-9th). Thus, the planned size of the sample of students was
6000 students, 1,200 per grade. Of these, 5725 (95%) completed the entire battery of tests. The participation rate
was stable across grade levels and did not vary considerably between schools.

2.2 The Cognitive Test

Cognitive development was measured by the cognitive ability test battery used by Cahan and Cohen (1989). The
battery consists of 12 subtests and a total of 178 items, covering a wide range of content (e.g., analogies, series,
sentence completion, vocabulary) and varying in the nature of their items (verbal, numerical, and figural),
selected from well-known tests of general ability: The Cognitive Ability Test (CAT; Thorndike & Hagen, 1971),
the Lorge-Thorndike Test (L-T; Lorge & Thorndike, 1954), Standard Progressive Matrices (SPM; Raven, 1983),
and Cattell and Cattell’s Culture Fair Intelligence Test (CFIT; Cattell & Cattell, 1965). All of the verbal tests
were translated into Arabic and adapted for the population.

Test administration. School counselors administered the entire test battery to the students as a group, at school,
during May 2013. The tests were given in a fixed order in a single, two-hour session with a 15-minute break.
Students were given general explanations about the item format and the response sheet. In addition, the
administration of each subtest was preceded by a short explanation and an illustrative example of the particular
task.
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Cognitive test scores. For each participant we computed the 12 subtest scores. In order to allow for between-test
comparability, the subtest scores were standardized separately within each grade and expressed in within-grade
standard deviation units (i.e., z-scores). The inter-correlations between the 12 subtests are substantial: They
range from .33 to .64 (median = approx. 50; see Appendix A).

2.3 Determination of the Participants’ Cognitive Profile Patterns

The first step in our analysis consisted of determining each participant’s initial score profile. For the sake of
simplicity, the analysis is based on three-score profiles, where the number of theoretically possible patterns is
manageable (13). The number (C) of different k subtest combinations irrespective of order out of n subtests is:

P n!
_ k) _ : n
Con ="y  kI(n—k)! (2

In our case, where there are n=12 subtests and k=3, C=220. Consequently, for each participant in the study we
determined the test score profile for each of the 220 different three-subtest combinations. For each combination,
the initial pattern of each participant’s profile was determined based on the magnitude relations between the
three infinitesimally precise scores provided by the computer.

In order to empirically examine the stability of the participants’ profile patterns across varying degrees of
measurement precision, we recoded these initial scores to achieve six decreasing levels of measurement
precision: 1/15SD (1 1Q point), 0.1SD (1 T-score), 1/3SD (1 scaled score), 0.5SD (1 stanine), 2/3SD (10 1Q
points) and 0.8SD (12 IQ points). The procedure for determining the profile pattern was then repeated for each of
these precision levels. For each examinee, the end result was six additional profile patterns of the same three
scores, corresponding to the six additional measurement precision levels.

2.4 Within-Individual Stability of the Profile Pattern

For each examinee, the final stage of the analysis consisted of pairwise comparisons between her seven
profile-patterns, which only differ in the precision of the scale used to measure the three scores. Based on this
comparison, each profile pair was defined as either “identical” or “different”. For each of the 220 possible
three-subtest combinations, the sample percentage of examinees with identical patterns for any given pair of
precision levels indicates the profile patterns’ degree of stability or invariance across the respective two
measurement precision levels.

3. Results

The results are presented in Table 1. Each cell in Table 1 gives the range (in parentheses) and median (in bold)
of the sample percentage of examinees whose profile patterns were identical for the particular pair of
measurement precision level across the 220 three-subtest combinations. As evident in Table 1, the
profile-patterns’ stability decreases the more distant the two precision levels involved in the comparison. Median
pattern stability is highest (91%) for the infinitesimal-1/15SD pair and minimal (26%) for the infinitesimal—
0.8SD pair. For measurement precision pairs in the range 1/3SD-2/3SD, the stability figures range between 53%
and 64%.

Table 1. Percentage of stable three-score profile patterns between measurement precision level Pairs

Measurement precision
infinitesimal 1/15SD 0.1SD 1/3SD 0.5SD 2/3SD 0.8SD

infinitesimal
91
1/15SD -
(86-96)
87 92
0.1SD -
(82-90) (89-96)
61 68 70
1/3SD -
(54-65) (63-73) (65-74)
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46 53 57 64
0.55D -
(40-52) (45-60)  (51-64)  (50-75)
34 40 43 53 61
2/3SD -
(29-40) (34-45)  (36-49)  (47-63)  (52-69)
26 31 34 48 57 66
0.8SD -
(19-31) (24-37)  (26-40)  (40-55)  (50-64)  (58-74)

Furthermore, pattern stability for the same pair of precision levels is lower, the larger the profile’s size (i.e.,
number of scores). This is illustrated in Figure 1 for three and four-score profiles. The figure presents the joint
distribution of the percentage of identical patterns for all pairwise comparisons between the seven precision
levels in Table 1, for these two profile sizes. The coordinates of each point in Figure 1 are the percentage of
identical patterns found for three-score and four-score profiles (the horizontal and vertical axes, respectively) for
the particular pairwise combination of measurement precision levels®. As indicated by Figure 1, all the points are
below the main diagonal (the “identity line”). That is, for each pair of measurement precision levels, the
percentage of identical patterns for four-score profiles is lower than the corresponding figure for three-score
profiles.

100 -

Percent of Identical
Patterns: Four- Score
Profiles
()]

o

0 50 100
Percent of Identical Patterns: Three-Score Profiles

Figure 1. Joint distribution of the percentage of identical patterns for all pairwise comparisons between the seven
precision levels in Table 1, for three and four-score profiles

4. Discussion

The considerable instability of cognitive profile patterns under change of measurement precision, highlighted by
our results, questions the very uniqueness of such patterns as a stable individual characteristic and challenges
their use in both clinical practice and scientific research. It is important to stress that the concerns it raises are
independent of, and additional to other concerns raised in the literature, which focus on the unreliability of
profile-patterns, their temporal instability, their low predictive validity and lack of unique informational
contribution (e.g., Glutting, McDermott, Watkins, Kush, & Konold 1997; Jensen, 1998; McDermott, Fantuzzo,
& Glutting, 1990, 1992; Watkins, 2000; Watkins & Canivez, 2004). In fact, they precede other concerns: The
very existence of unique “objective” and invariant cognitive profile patterns is a necessary pre-condition for the
discussion of their reliability, validity or usefulness to be meaningful. In the remaining of this section we (1)
examine the causal mechanism underlying the patterns’ instability across different degrees of measurement
precision found by our study; and (2) explore some of its implications.

4.1 The Effect of Decreasing Measurement Precision on Profile Patterns

What explains the pattern instability found in our study? We suggest that the answer to this central question is
simple and straightforward; in fact, almost self-evident: Decreasing precision in the scoring of the dimensions
measured by the scores comprising the examinees’ profiles—that is, increasing the size of the unit of
measurement used—increases the chances of equality between any two profile scores. As a result, the initial
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inequality between two scores, based on a higher degree of measurement precision (i.e., a smaller unit of
measurement) will vanish if the difference between the two scores is smaller than the new and larger unit of
measurement. For example, if the difference between two scores is 0.1SD, then it would be counted as an
inequality if it is larger than the unit of measurement used (e.g., 1/15SD = 1 1Q point), and as equality if the unit
of measurement is increased to 0.2SD (3 1Q points).

According to this explanation, decreasing measurement precision should result in increasingly higher relative
frequency of patterns consisting of equality between pairs of scores. For example, in the simple case of profiles
consisting of only three scores, decreasing measurement precision should lead to more profiles exhibiting one or
two equalities. These equalities substitute the original inequalities obtained with higher measurement precision.
As evident in Figure 2, this expectation is strongly supported by empirical results. The figure illustrates the
increasing relative frequency of three-score profiles including one or two equalities with decreasing
measurement precision in our study. The leftmost column in Figure 2 gives the frequency distribution of the
number of equalities when measurement precision is maximal, that is, the unit of measurement used (the default
provided by the computer) is infinitesimal. As illustrated by Figure 2, in this extreme case, all the empirical
profiles in our study include no ties, that is, no equality relations between subtest scores. Lowering the
measurement precision results in increasing frequency of profiles including one and even two equalities, which
replace the original inequalities. Thus, for instance, when the measurement unit is increased to 0.2SD (instead of
the practically 0SD in the infinitesimal case), the profiles of about 20% of the participants change and include
one or even two equalities. Further increase of the measurement unit to 0.5SD (the unit of measurement in the
stanine scale) causes profile change for about half the study participants, who now exhibit one or two equalities
(see the rightmost column in Figure 2).

100% ]

80%

60%
B2 equalities
@1 equality 40%
Ozero equality

20%

0%

infinitesimal ~ 0.1SD 0.28D 0.3sD 0.48D 0.58D
Measurement Precision

Figure 2. The relative frequency of ties (equality between pairs of a profile’s scores) as a function of
measurement precision in the three-subtest scores case

Figure 3 illustrates the mechanism of this process. The figure provides the cumulative frequency distribution of
the three categories of profile patterns in terms of number of equalities (0,1, and 2) that can be obtained in the
three-subtest scores case, across the seven illustrative measurement precision levels in Table 1.

100% -
90% S
80% N
70% ~
60% ~
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20%
10%
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1
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Figure 3. Percentage of zero, one and two equalities between the profile’s three scores as a function of
measurement precision
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As evident in Figure 3, the lower the precision, the higher the relative frequency of patterns including one or two
equalities, at the expense of patterns including two inequalities. We interpret these results as supporting evidence
for the validity of the suggested explanation of the effect of decreasing measurement precision on the stability of
cognitive profile patterns.

4.2 Conclusions and Implications

The instability of the profile patterns of a significant fraction of examinees under change of measurement
precision may lead to the conclusion that pattern analysis of cognitive test scores should be abandoned, a
conclusion that has been frequently voiced on other grounds, such as subtest scores’ unreliability (Bolen, 1998;
Watkins et al., 2005), patterns’ lack of temporal stability (Livingston, Jennings, Reynolds, & Gray, 2003;
Watkins & Canivez, 2004), predictive validity (Watkins and Glutting, 2000; Watkins, Kush, & Glutting, 1997)
and informational contribution (McDermott et al., 1992; Moses & Pritchard, 1996). The continuing use of
pattern analysis in both clinical practice and research, despite the repeated arguments for its abandonment,
however, justifies the call for a pragmatic and partial solution of the patterns’ dependence on the measurement
precision level, a solution that might have better chances of being adopted. We suggest that such a solution exists,
at a price. It consists of avoiding the instability problem by “begging the question”, that is, by dispensing with
the requirement of pattern stability across measurement precision levels and stipulating instead an arbitrary,
however agreed-upon, mandatory precision level (or unit of measurement). The many problems associated with
this solution are clear and self-evident. Therefore, we only focus on possible arguments in its favor. A key
argument involves the concept of a minimal psychologically significant difference. According to this argument,
not any non-zero difference between two scores (such as 0.000001SD) is psychologically significant. Rather, in
order to qualify as psychologically significant, a difference between two profile scores has to exceed a critical
threshold (Ac), such as 0.1SD, 0.25SD or 0.5SD. The logic of this argument is identical to that underlying the
“effect size” argument in experimental research, instead of or in addition to statistical significance testing
(Cohen, 1988). According to this argument, in order to assess the scientific significance of (a statistically
significant) observed sample mean difference, one has to consider its magnitude (i.e., the effect size). Indeed,
Cohen (1988) suggested several benchmarks (or thresholds) to guide such assessment: 0.20SD (small), 0.50SD
(medium) and 0.80SD (large), to which Rosenthal (1996) added a fourth threshold: 1.30SD (very large) (Ellis,
2009, Table 1).

In a similar vein, we suggest that an empirical difference between two scores has to exceed a minimal threshold
in order to be considered psychologically significant. While this suggestion might be accepted, in principle, by
both practitioners and the scientific community®, these communities are much less likely to agree on the critical
threshold’s magnitude. The tradeoff involved is clear: The higher the threshold, the more psychologically
significant the differences exceeding it and the lower their relative frequency (and vice-versa)®. Unfortunately,
there is no objective way to determine the “right” magnitude of the critical threshold. Nor can stipulation of this
magnitude be based on statistical significance testing of intra-individual subtest score differences (Cahan, 1986;
Cahan & Cohen, 1988). Hence the inherent arbitrariness of the threshold’s magnitude and the need for
consensus.

A last remark regards the implementation of the threshold approach in pattern analysis. The problem in this
respect stems from the possible intransitivity of the magnitude relation (> or =) in this case. The following
numerical example illustrates the problem. Let A=1SD, B=0.7SD and C=0.4SD be the three scores comprising
an examinee’s cognitive profile and let the critical threshold Ac be 0.5SD. Here A-B< A¢ B-C< Ac, and
A-C >Ac Hence A=B, B=C, and A>C. The problem can be prevented by using a larger unit of measurement,
which equals or exceeds the predetermined threshold, instead of implementing the threshold approach on the
original, smaller unit. In our example this can be done by expressing the three scores on the stanine scale, the
unit of which equals 0.5SD. Substituting the stanine scale, which ranges from 1 to 9, for the original z-score scale,
which in our numerical example has a precision of 0.1SD, we get: A=B=7 and C=6. Hence the profile pattern is
A=B>C.
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Notes

Note 1. The formula incorporates ties. That is, profiles for which two or more subtests receive equal ranking.
Note 2. Denoting the three subtest scores by A, B, and C, the 13 possible patterns are:

A=B=C,A=B>C,A=B < C,A>B=C,A<B=C,A=C>B,A=C<B,A>B>C,A>C>B,B>A>C,B>C> A,
C>A>B,C>B>A.

Note 3. One may wonder why not always use the highest available precision—which begs the stability question,
and prefer instead a lower precision level. A major reason for preferring lower precision levels when higher
precision is available, especially in the context of pattern analysis of test score profiles, is that a greater precision
level might yield somewhat negligible differences between test scores (see the Discussion section for further
elaboration of this point).

Note 4. Appendix B, the four-score profile analogue of Table 1, provides the percentage of stable four-score
profiles patterns between measurement precision level pairs.

Note 5. A case in point is the use of the “abnormality” criterion for evaluating the psychological significance of
subtest score differences (Cahan, 1989).

Note 6. An inevitable consequence of decreasing measurement precision through categorization of a continuous
scale is that it can yield strange results. Assume that you have a continuous score and recode to stanines, then if
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A = 0.24SD, B = 0.26SD and C = 0.74SD, A<B=C, while any reasonable person would say it is A=B<C.
Widening the classes a bit would eventually yield the “right” comparison.

Appendix A
The inter-correlations between the 12 subtest scores
Subtest
Subtest 1 2 3 4 5 6 7 8 9 10 11 12
1. Word classification 1 049 051 045 044 053 042 042 042 0.33 043 045
2. Figural classification  0.49 1 050 058 049 048 042 045 039 041 043 041
3. Word comparison 051 050 1 054 050 054 044 045 044 038 045 0.46
4. Figural analogies 045 058 054 1 0.63 050 046 054 042 043 047 045
5. Figural completion 044 049 050 063 1 0.50 048 055 043 044 047 0.46
6. Vocabulary 0.53 048 054 050 050 1 048 047 051 041 051 055
7. Number series 042 042 044 046 048 048 1 059 053 048 056 0.52
8. Figural series 042 045 045 054 055 047 059 1 0.55 053 053 0.52
9. Verbal oddities 042 039 044 042 043 051 053 055 1 052 054 0.57
10. Figural oddities 0.33 041 038 043 044 041 048 053 052 1 0.51 0.50
11. Verbal arithmetic 043 043 045 047 047 051 056 053 054 051 1 0.64
problems
12. Sentence completion 0.45 0.41 0.46 045 046 055 052 052 057 050 064 1
Appendix B
Percentage of Stable Four-score Profile Patterns between Measurement Precision Level Pairs

Measurement precision

infinitesimal ~ 1/15SD 0.1SD 1/3SD 0.5SD 2/3SD 0.8SD
infinitesimal )
1/155D 83 :

(77-89)
0.1SD 74 85 i

(69-80) (80-91)

49

1/3SD 36 46 -

(30-41) (41-52)  (43-59)
055D 20 28 33 45 i

(17-25) (21-34) (26-40) (32-58)
2/3SD 11 16 19 32 43 )

(8-14) (12-20) (15-24) (27-41) (37-53)
0.8SD 6 10 12 27 39 53 i

(4-8) (6-13) (8-16) (20-32) (33-45) (43-62)
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