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ABSTRACT
It is often assumed that children with learning disabilities (LD) exhibit unique profiles of ability scores 
that reflect idiosyncratic cognitive strengths and weaknesses. Interpretation of cognitive ability 
profiles initially focused on visual inspection of subtest scores followed by statistical comparisons 
to identify significant cognitive strengths and weaknesses. However, subsequent research 
demonstrated that these subtest profiles lacked sufficient reliability, validity, and diagnostic utility. 
Profile research typically utilized variable-centered methods, but person-centered methods might 
be more appropriate. The present study utilized latent profile analysis (LPA), a person-centered 
method that is model-based and flexible, with 1,830 school-identified students with LD and 2,200 
simulated normative participants. Four broad ability score profiles distinguished by level rather than 
shape emerged. Thus, this latent mixture model analysis found no mixture of subpopulations, 
suggesting that WISC-IV score variation was due to underlying continuous latent factors rather than 
a typology unique to LD.

IMPACT STATEMENT
It is often assumed that children with learning disabilities (LD) exhibit unique profiles of ability test 
scores that reflect idiosyncratic cognitive strengths and weaknesses. However, this person-centered 
analysis found no profile of ability scores distinctive of children with LD. These results suggest that 
cognitive test scores may vary due to underlying continuous latent factors rather than a typology 
unique to LD.

Although formally recognized more than 50 years ago, 
there is still considerable debate about the diagnosis and 
treatment of specific learning disabilities (LD; Grigorenko 
et al., 2020). Although it is generally accepted that learn-
ing disabilities are marked by unexpected academic 
underachievement, their manifestation is otherwise het-
erogenous (Grigorenko et al., 2020). Given this hetero-
geneity, three methods for identifying LD are sanctioned 
in federal law (U.S. Department of Education, 2004): (a) 
severe ability–achievement discrepancy; (b) failure to 
respond to intervention (RTI); and (c) a pattern of cog-
nitive strengths and weaknesses (PSW; Maki et al., 2015; 
Zirkel, 2017). Further, individual states can permit, pro-
hibit, or require one or more of these methods and local 
education agencies have wide latitude in implementing 
federal and state legal mandates (Cottrell & Barrett, 2016; 
Zumeta et al., 2014).

Surveys have consistently found that a PSW approach 
for the identification of LD students is favored by school 

psychologists (Benson et al., 2020; Kamphaus et al., 2018; 
Kranzler et al., 2020; Pfeiffer et al., 2000; Sotelo‐Dynega 
& Dixon, 2014). In fact, PSW approaches have a long his-
tory in psychology, first appearing with the emergence of 
multidimensional intelligence tests and the visual inspec-
tion of peaks and valleys in the subtest profile (Rapaport 
et al., 1945). Statistical methods were subsequently incor-
porated to “impose some empirical order on profile inter-
pretation; to make sensible inferences from the data with 
full awareness of errors of measurement and to steer the 
field away from the psychiatric couch” (Kaufman et al., 
2016, p. 7). PSW methods that utilize statistical compari-
sons to determine cognitive processing strengths and 
weaknesses are currently widespread (Flanagan et al., 
2013; Flanagan & Alfonso, 2017; Groth-Marnat & Wright, 
2016; Sattler, 2018). Although these modern approaches 
are improvements over visual inspections of peaks and 
valleys, numerous problems and inadequacies have been 
identified in the extant literature when assessing their 
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reliability, validity, and diagnostic utility (Canivez, 2013; 
McGill et al., 2018; Watkins, 2000; Watkins et al., 2005).

The Wechsler scales are often used for assessing chil-
dren’s intellectual ability (Benson et al., 2019) and as a 
result there have been numerous studies examining the 
reliability, validity, and diagnostic utility of scores from 
various Wechsler Intelligence Scale for Children versions 
(e.g., WISC–R, WISC–III, WISC–IV). Because PSWs his-
torically involved subtest scores, research regarding the 
reliability, validity, and diagnostic utility of subtest scores, 
various combinations of subtest scores (e.g., the ACID 
profile comprised of lower scores on the Arithmetic, 
Coding, Information, and Digit Span subtests or the SCAD 
profile comprised of lower scores on the Symbol Search, 
Coding, Arithmetic, and Digit Span subtests), and ipsative 
comparisons (the individual’s relative strengths/weak-
nesses) have been of particular interest. Reviews of 
research indicated inadequate internal consistency for 
most subtests for individual decision making; longitudinal 
instability for subtest, pseudocomposite, and ipsative 
scores; and chance level diagnostic utility (Canivez, 2013; 
McGill et al., 2018; Watkins et al., 2005). Consequently, 
the diagnostic use of cognitive strengths and weaknesses 
has been deemphasized by some authors in favor of a 
hypothesis generating function that must be confirmed 
with clinical or testing information (Kaufman & 
Lichtenberger, 2006; Sattler, 2018). However, as Watkins 
and Canivez (2004) pointed out, searching for confirming 
information to support unreliable subtest profiles would 
likely increase errors rather than reduce them.

Attempts to identify normative subtest profiles using 
cluster analyses of intelligence tests, including Wechsler 
scales, were reported and summarized by Canivez (2013) 
as comparing an individual’s subtest profile to a normative 
profile typology might be considered an actuarial method 
in locating deviant profiles. Although normative profiles 
have been identified for some Wechsler scales (WISC–R, 
WISC–III, WAIS–R, WPPSI) and other intelligence tests 
(DAS, KABC, UNIT), results have revealed that variation 
was mostly driven by level/elevation (an indication of gen-
eral intelligence) rather than shape/pattern; and long-term 
stability of profile classification appears inadequate 
(Canivez, 2013; Watkins et al., 2021). Consequently, con-
temporary approaches have deemphasized PSWs based 
on subtest scores in favor of PSWs based on factor scores 
(Flanagan & Alfonso, 2017).

CONTEMPORARY MODELS FOR IDENTIFYING 
COGNITIVE PROCESSING PROBLEMS

The view that PSWs are useful in distinguishing LD from 
rival disorders or low academic achievement has been 

embodied in several models that use the broad ability 
scores (factor scores) provided by modern intelligence 
tests because it is assumed that those broad ability scores 
reflect a variety of cognitive processes (Flanagan et al., 
2013; Flanagan & Alfonso, 2017; Hale & Fiorello, 2004; 
Naglieri, 2011). These models conjecture that “individuals 
with SLD typically present an uneven profile of abilities 
demonstrating difficulty with some types of learning, but 
ease with others” (Mather, 2009, p. 41). In essence, it is 
assumed that children with LD will exhibit unique profiles 
of broad ability scores that will reflect idiosyncratic cog-
nitive strengths and weaknesses that differentially impact 
academic achievement (Hale et al., 2010; Miller 
et al.,  2016; Saklofske et al.,  2016). These models are 
accepted by school psychologists (Benson et al.,  2020; 
Lockwood & Farmer,  2020). For example, one recent sur-
vey of school psychologists found that almost 65% inter-
preted profiles of broad ability test scores for the 
identification of LD (Kranzler et al.,  2020). Further, a 
pattern of cognitive strengths and weaknesses for the iden-
tification of LD has been endorsed by professional orga-
nizations (Christo & Jones,  2014; Learning Disabilities 
Association of America,  2010) and was declared to be best 
professional practice (Hale et al., 2010).

Methods to Assess Profiles

Variable Centered Methods
Most of the research on the cognitive patterns of children 
with LD has utilized variable-centered methods (e.g., 
Compton et al., 2012; Johnson et al., 2010; Niileksela & 
Reynolds, 2014; Saklofske et al., 2016). That is, methods 
such as regression and factor analysis that assume all indi-
viduals in a sample are drawn from a single population 
such that estimated parameters apply equally to all mem-
bers of the group. For example, Lecerf et al. (2016) found 
significant differences between unexceptional and excep-
tional groups of children on two cognitive ability scores 
from the French version of the WISC–IV. Likewise, 
Saklofske et al. (2016) compared a group of children with 
LD to a matched comparison sample and found significant 
cognitive score differences between the two groups. 
However, even when statistically significant group differ-
ences are obtained, the effect sizes may not be large and 
the distributional overlap may be too great to allow accu-
rate individual diagnostic classification, rendering such 
differences unhelpful in clinical application (Watkins, 
2009). In practice, homogeneity of parameters is an unre-
alistic assumption because individuals within groups 
always differ so that inferences based on group-level data 
may not generalize to individuals (Fisher et al., 2018; 
Kagan, 2018).
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Person-Centered Methods
In contrast, person-centered approaches relax the assump-
tion of population homogeneity, which allows parameters 
to vary across unobserved subpopulations of participants 
(Morin et al., 2020; Wang & Wang, 2020). Person-centered 
methods “generate a typology in which participants are clas-
sified into qualitatively and quantitatively distinct profiles 
based on their specific combinations of strengths and weak-
nesses on the same array of competencies” (Morin & Marsh, 
2015, p. 40). Until recently, cluster analysis was the only 
easily accessible person-centered method available to 
researchers. Although a great number of cluster analysis 
studies identifying LD subtypes have been conducted, the 
variety of clustering methods, samples, and measures have 
made results difficult to generalize (McKinney, 1984; 
Saklofske et al., 2016; Speece, 2003). For example, cluster 
analyses that employed correlation as a similarity measure 
produced different results than analyses that relied on dis-
tance measures (Loehlin et al., 2018; McDermott et al., 1989).

Loehlin (2019) reviewed studies that identified cognitive 
clusters and concluded that “perhaps stable and consistent 
cognitive clusters simply do not exist. Perhaps they exist, 
but only for particular populations, or across particular sets 
of cognitive measures, or are detectable by only certain clus-
tering methods” (p. 22). Importantly, many cluster analysis 
studies failed to include samples of unexceptional learners 
making it difficult to determine whether their results were 
characteristic of LD or simply represented individual dif-
ferences among unexceptional learners (McKinney, 1984). 
Additionally, “cluster analysis techniques will always pro-
duce clusters, even in random data. The investigator must 
be concerned about whether the resulting clusters are dis-
covered or forced by the technique” (Speece, 1994, p. 36).

Latent mixture models have recently eclipsed cluster 
analysis because latent mixture models are model-based, 
more flexible, less subjective, better able to accommodate 
complex multivariate interaction effects and measurement 
error, and provide a probabilistic classification of each 
individual (DiStefano & Kamphaus, 2006; Hickendorff 
et al., 2018; Morin et al., 2020; Oberski, 2016; Peugh & 
Fan, 2013; Woo et al., 2018). Statistical software to conduct 
such analyses are also now more readily available. Mixture 
models assume that an observed sample includes several 
homogeneous subpopulations, each with its own distribu-
tion that results in a ‘mixture’ of parameters (Morin et al., 
2020). Mixture models are characterized by categorical 
latent variables where each category represents an inferred 
subpopulation. Memorably, “mixture modeling is the art 
of unscrambling eggs: It recovers hidden groups from 
observed data” (Oberski, 2016, p. 275).

Called latent profile analysis (LPA) when the observed 
indicator variables are continuous (Hickendorff et al., 
2018; Wang & Wang, 2020), the goal of LPA “is to uncover 

latent profiles or groups of individuals who share a mean-
ingful and interpretable pattern of responses on the mea-
sures of interest” (Ferguson et al., 2020, p. 459). The use 
of LPA with LD populations has been recommended by 
measurement specialists (Bray & Dziak, 2018; Willson & 
Rupley, 2013) and several studies have successfully 
applied mixture models with standardized and unstan-
dardized academic and cognitive indicators among par-
ticipants with LD (e.g., Geary et al., 2009; Niileksela & 
Templin, 2019; Swanson et al., 2018). Although vari-
able-centered methods have suggested that unique broad 
ability score profiles characterize children with LD 
(Giofrè et al., 2017; Miller et al., 2016; Toffalini et al., 
2017), LPA using the broad cognitive ability scores from 
modern intelligence tests has not been conducted among 
children with LD.

Present Study

The present study was designed to fill that evidential 
lacuna by applying LPA to the broad ability (factor index) 
scores from the WISC–IV (Wechsler, 2003a) of a large 
number of exceptional and unexceptional learners to 
ascertain the number and kind of cognitive subtypes that 
emerge and to determine if a cognitive typology of chil-
dren with LD manifests. If unique LD cognitive profiles 
exist, it is hypothesized that one or more profiles exclu-
sively or predominantly populated by students with LD 
will be revealed.

METHOD

Participants

The first sample was composed of 1,830 (59.6% male) chil-
dren with school-identified LD with an average age of 
10.4 years (SD = 2.4). Ethnic background of these partici-
pants was 67% White, 14% Hispanic, 10% Black, 6% Native 
American, 1% Asia/Pacific, and 2% Other or Unspecified. 
No additional information about the participants with LD 
was available to ensure anonymity. The second sample con-
tained 2,200 simulated normative participants (available as 
supplementary material). Although data from the WISC–IV 
normative sample was preferable, access to those data was 
twice refused by the publisher (Pearson, personal commu-
nication, February 12, 2010 and September 8, 2020).

Instruments

The WISC-IV (Wechsler, 2003a) was standardized on a 
nationally representative sample of 2,200 children aged 
6–16 years closely approximating the 2000 United States 
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Census based on sex, race, parent education level, and 
geographic region. The WISC-IV contains 10 core subtests 
(M = 10, SD = 3) that form four factor index scores: Verbal 
Comprehension Index (VCI), Perceptual Reasoning Index 
(PRI), Working Memory Index (WMI), and Processing 
Speed Index (PSI). The Full Scale IQ (FSIQ) and factor 
indices have means of 100 and standard deviations of 15. 
Substantial reliability and validity evidence was provided 
by Wechsler (2003b).

Examiners used a variety of academic achievement mea-
sures, but the majority of scores were from a version of the 
Wechsler Individual Achievement Test (47.3%) and a version 
of the Woodcock-Johnson Tests of Achievement (42.3%). 
Both measures are well-developed scales with nationally 
representative normative samples and strong psychometric 
characteristics (Thorndike & Thorndike-Christ, 2010).

Procedure

The sample of children with learning disabilities was drawn 
from the data sets of four published studies that examined 
the structural validity evidence of the WISC–IV among 
referred samples (Canivez, 2014; Devena et al., 2013; Styck 
& Watkins, 2016; Watkins, 2010). Data from three of the 
studies were obtained through file review and data from the 
fourth study were from anonymous school psychologists 
electronically submitting test scores and relevant informa-
tion for anonymous children. In total, there were 2,669 stu-
dents in those validity studies but only 1,830 were identified 
as LD and had WISC–IV index scores. Those 1,830 partic-
ipants were evaluated by 440 school psychologists in 23 
states. As reflected in Table 2, participants with LD were 
heterogeneous with respect to academic area of disability 
but ability–achievement discrepancies generally reflected 
school-identified area of specific academic disability.

The simulated normative sample was generated with 
EQS 6.4 (Bentler, 2006) using the descriptive statistics and 
factor structure provided by Wechsler (2003b). As is 
apparent from Table 1, the scores from this simulated sam-
ple exhibited means and standard deviations almost iden-
tical to those reported by Wechsler (2003b) for the real 
normative sample. Additionally, all simulated correlations 
were within ±.04 of those reported by Wechsler (2003b) 
and a confirmatory factor analysis found that the oblique 
first-order structure favored by Wechsler (2003b) was a 
good fit to these simulated data (RMSEA = .04, CFI = .98).

Analyses

LPA Model Specification
It has been suggested that broad ability scores (i.e., factor 
index scores) are the optimal level of interpretation of IQ 
tests and that analysis of index scores is good clinical prac-
tice (Beal et al., 2019; Kovacs & Conway, 2019). Further, 
Morin et al. (2020) recommended that factor scores be 
used in LPA because they offer better control of measure-
ment error than observed scale scores and they preserve 
the underlying measurement structure of the instrument. 
Accordingly, the four WISC-IV factor index scores from 
the total sample of 4,030 cases served as indicator variables 
in LPA conducted with Mplus version 8.4 (Muthén & 
Muthén, 1998–2019) using robust maximum likelihood 
estimation. To ensure convergence on the global maxi-
mum, 3,000 sets of random start values were initially gen-
erated for each model. If the best loglikelihood value was 
not found by at least three different start values, then the 
number of random starts was increased until the best log-
likelihood was replicated or 10,000 start values were 
exhausted (Morin et al., 2020).

Two constraints were imposed on LPA solutions to min-
imize the number of parameters to be estimated: (a) the 
local independence assumption that latent profile member-
ship explains covariance among indicators; and (b) the 
homogeneity assumption of equality of profile-specific vari-
ances (Peugh & Fan, 2013). Local independence is similar 
to the assumption of uncorrelated residuals in factor anal-
ysis and its relaxation is not generally recommended (Morin 
et al., 2020; Nylund-Gibson & Choi, 2018; Schweizer, 2012). 
However, unconstrained models may require fewer profiles 
to fit the data, so a post-hoc strategy of assessing the effects 
of relaxing these constraints was also employed (Berlin 
et al., 2014; Lubke & Luningham, 2017; Masyn, 2013).

LPA Model Fit
Mixture models are typically exploratory (Hickendorff 
et al., 2018; Lubke & Luningham, 2017; Morin et al., 2020). 
Therefore, LPA models were fit in a stepwise fashion, 

Table 1. Scores on the wechsler intelligence Scale for children-
Fourth edition for 1,830 Participants with learning Disabilities and 
2,200 Simulated Normative Participants

lD Simulated Norm

Score Mean SD Mean SD

Block Design 9.1 2.7 10.0 3.0
Similarities 8.8 2.6 10.1 3.0
Digit Span 8.0 2.5 10.0 3.0
Picture concepts 9.9 2.8 10.1 3.0
coding 8.5 2.9 10.0 2.9
vocabulary 8.5 2.5 10.0 3.0
letter-Number Sequencing 8.4 2.7 10.1 3.0
Matrix Reasoning 9.3 2.6 10.1 3.0
comprehension 9.1 2.5 10.1 2.9
Symbol Search 8.9 2.8 10.0 3.0
verbal comprehension index 92.8 12.0 100.0 15.0
Perceptual Reasoning index 96.8 12.9 100.0 15.0
working Memory index 89.6 11.9 100.0 15.0
Processing Speed index 92.9 13.6 100.0 15.0
Full Scale iQ 91.6 11.1 100.0 15.0

Note. lD = learning disability. Univariate skew and kurtosis < 1.0 for all scores.
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starting by estimating a one-profile solution and then suc-
cessively adding profiles until the model failed to converge 
or produced a statistically improper solution, indicating 
that a more parsimonious model might be appropriate 
(Ferguson et al., 2020; Hickendorff et al., 2018; Masyn, 
2013; Morin et al., 2020; Nylund-Gibson & Choi, 2018; 
Wang & Wang, 2020).

Unfortunately, there is no universally accepted mea-
sure of statistical adequacy for LPA models (Ferguson 
et al., 2020; Masyn, 2013; Nylund-Gibson & Choi, 
2018). Consequently, the Bayesian information crite-
rion (BIC; Schwarz, 1978), sample size adjusted BIC 
(aBIC; Sclove, 1987), adjusted Vuong-Lo-Mendell-
Rubin likelihood ratio test (aLMR; Lo et al., 2001), and 
Bootstrapped likelihood ratio test (BLRT; McLachlan 
& Peel, 2000) were employed to determine model fit 
(Ferguson et al., 2020; McLachlan & Peel, 2000; Morin 
et al., 2020; Nylund-Gibson & Choi, 2018; Wang & 
Wang, 2020).

Information Criteria. The BIC and aBIC are information 
criteria that balance parsimony and goodness-of-fit. BIC 
adjusts for the number of free parameters and sample size 
and aBIC adjusts for the number of free parameters but 
decreases the sample size penalty of the BIC (McLachlan 
& Peel, 2000). With both criteria, the smallest value 
points to the preferred profile solution. The BIC has been 
favored in several simulation studies, especially for 
continuous indicator variables (Morgan, 2015; Morin & 
Wang, 2016; Nylund et al., 2007). In contrast, the aBIC 
sometimes overestimated the number of profiles, 
especially with large sample sizes (Dziak et al., 2020).

Inferential Tests. The aLMR and BLRT are inferential tests 
of the difference between the current model and a model 
with one less profile. Statistical nonsignificance indicates 
that model fit is not statistically improved by the addition 

of the current profile. Both tests are influenced by sample 
size. The BLRT has outperformed other indices in 
simulation research (Morgan, 2015; Nylund et al., 2007). 
Given that multiple tests can inflate the Type I error rate 
(Lubke & Luningham, 2017), statistical significance was 
set at .05 ÷ 7 = .007 for each aLMR and BLRT test to 
maintain an overall alpha level of .05.

Classification Diagnostics. Although not used for initial 
model selection, these classification criteria may be used 
“to judge the utility of the [LPA] directly applied to a 
particular set of indicators to produce highly-
differentiated groups in the sample” (Masyn, 2013, p. 
570). Entropy is a measure of the overall precision of 
classification of individuals into profiles. Entropy values 
≥ .80 are preferred, values ≥ .70 are acceptable, and 
values ≤ .60 are inadequate (Asparouhov & Muthén, 
2014; Ferguson et al., 2020; Nylund-Gibson & Choi, 
2018; Wang & Wang, 2020). The average posterior 
probability within each profile is a measure of the 
precision of classification within each profile. Average 
posterior probability values ≥ .80 indicate a good profile 
solution and values ≥ .70 indicate acceptable profile 
classification (Nylund-Gibson & Choi, 2018; Wang & 
Wang, 2020). Additionally, the relative size of emergent 
profiles was reviewed to ensure sufficient power for 
generalization to the population and to guard against a 
small set of outliers (< 1%; Berlin et al., 2014; Ferguson 
et al., 2020). Finally, each solution was evaluated for its 
substantive meaning and theoretical coherence 
(Ferguson et al., 2020; Morin et al., 2020; Morin & Wang, 
2016; Nylund-Gibson & Choi, 2018; Wang & Wang, 
2020).

Post Hoc Analyses
Although it may not control measurement error (Wang & 
Wang, 2020), the classify−analyze approach was used 

Table 2. Academic Performance of 1,830 Participants with learning Disabilities by 
Area of Academic Disability

wiSc-iv FSiQ Reading Math writing

lD Area % Mean SD Mean SD Mean SD Mean SD

Reading 18.6 94.6 10.4 82.4 8.6 95.3 10.0 95.7 9.9
Math 13.0 89.7 9.8 93.1 8.4 80.7 9.8 94.2 12.3
writing 8.0 95.0 11.5 93.0 10.1 97.6 11.0 84.2 12.0
Reading & Math 9.3 90.1 10.2 81.4 9.3 81.5 10.3 94.0 11.7
Reading & writing 21.9 95.1 11.6 79.9 9.4 95.8 10.6 84.1 12.7
Math & writing 5.0 87.4 8.3 90.7 8.1 81.2 8.6 80.5 11.8
Reading, Math, & writing 20.6 87.9 10.9 76.7 10.8 80.2 10.6 80.2 12.4
Total Reading 70.4 92.1 11.3 79.8 9.9 89.2 12.8 87.5 13.5
Total Math 48.0 88.5 10.3 83.5 12.0 80.7 10.1 87.1 14.0
Total writing 55.5 91.6 11.5 81.5 11.6 88.8 13.2 82.4 12.6
Total 96.4 91.7 11.2 83.3 11.2 88.3 12.9 87.9 13.6

Note. lD = learning disability. 3.6% of the participants with lD were missing FSiQ scores, 3.0% were 
missing reading scores, 3.2% were missing math scores, and 15.7% were missing writing scores.
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because it more closely aligns with clinical practice 
(Benson et al., 2020) and prior cluster analyses (Poletti 
et al., 2018). That is, each individual’s most probable pro-
file membership was treated as a nominal variable based 
on posterior probabilities (Hickendorff et al., 2018). Those 
nominal variables were used for subsequent analyses.

RESULTS

WISC-IV Scores

Descriptive statistics for the WISC-IV scores of both sam-
ples are presented in Table 1. WISC-IV scores were rela-
tively normally distributed but were slightly lower and less 
variable than average for the LD sample. Similar patterns 
have been found with other samples of referred students 
(Canivez & Watkins, 1998; Johnson et al., 2010).

LPA Models

Honoring the local independence and homogeneity 
assumptions, constrained models with one through eight 
profiles were assessed. Those results are provided in 
Table 3. As is often found (Bray & Dziak, 2018; Nylund-
Gibson & Choi, 2018), no single model was unequivocally 
identified. The aBIC reached a nadir at seven profiles and 
the BLMR also signaled that no more than seven profiles 
were needed. However, both aBIC and BLMR may have 
been biased by the large sample size (Dziak et al., 2020). 
Additionally, the entropy of model seven was low (.61) and 
two of its profiles were marked by inadequate average pos-
terior probability values (.47). Models with six and eight 
profiles also exhibited inadequate average posterior prob-
ability values and/or profile membership <1% of the sam-
ple. Accordingly, models six, seven, and eight were 
considered unsuitable.

The BIC value was minimal for model four but its 
so-called ‘Occam’s window’ (i.e., ΔBIC values of 0–3), also 
included the five profile model (Kass & Raftery, 1995). 
However, one profile in model five exhibited inadequate 
average posterior probability (.44), making model five less 
desirable. Model four was also identified by the aLMR test 
and exhibited near-acceptable entropy values (.67), accept-
able to good average posterior probability values (.73−.84), 
and sizeable profile membership (n ≥ 157). Model four 
seemed to have been derived from the collapse of two pro-
files from model five (including the one with inadequate 
precision) into one more adequate profile in model four. 
Namely, the mean of the four indicator scores for the profiles 
in model five compared to model four were: 79 and 87 ver-
sus 84; 98 versus 96; 108 versus 107; and 121 versus 121.

Constrained models can provide an approximate upper 
bound for the number of profiles and allow consideration 
of a smaller number of plausible unconstrained models 
(Dziak et al., 2020; Lubke & Luningham, 2017). Relaxing 
the homogeneity assumption for models with three 
through five profiles did not improve BIC or aBIC values 
over the constrained models. Relaxing the local indepen-
dence assumption resulted in a failure to replicate the best 
loglikelihood value and/or statistically inappropriate solu-
tions for those models. Thus, the more parsimonious con-
strained models are more probable. Among those models, 
model four was identified as most appropriate by the BIC 
and aLMR and its indicator variables appeared to reason-
ably separated and homogeneous (see Table 4); conse-
quently, the model with four profiles was judged the most 
adequate in terms of both statistical fit and theoretical 
interpretability (Bray & Dziak, 2018). However, these pro-
files were differentiated quantitatively rather than quali-
tatively. That is, they differed in level but not in shape as 
illustrated in Figure 1.

Post Hoc Analyses

As expected, there were statistically significant (p < .001) 
differences in VCI, PRI, WMI, and PSI scores across the 
four profiles and across the two samples (Table 4). 
However, the size of the index score differences between 
the simulated norm and LD samples within each profile 
tended to be of little practical significance. Ferguson 
(2009) suggested that d > .40 is the recommended mini-
mum effect size that represents a practically significant 
effect for social science data. Table 4 shows that 5 of the 
16 comparisons met this practical significance level but 
two of those five were based on an unstable sample (n = 9). 
The WMI score was practically smaller for LD participants 
in profiles 2 and 3 while the PRI score was practically 
smaller for the simulated normative sample in profile 3.

Table 3. Fit Statistics and classification Accuracy for latent Profile 
Analysis of Factor Scores From the wechsler intelligence Scale for 
children-Fourth edition for 1,830 Students with learning 
Disabilities and 2,200 Simulated Normative Participants 
(N = 4,030)

p

Profile loglikelihood Bic aBic ΔBic alMR BlMR entropy

1 −65864 131794 131768 3820 – – –
2 −64386 128880 128839 906 .0001 .0001 0.70
3 −63974 128097 128039 123 .0001 .0001 0.70
4 −63891 127974 127901 0 .0001 .0001 0.67
5 −63872 127977 127888 3 .0136 .0001 0.65
6 −63857 127988 127883 14 .0113 .0001 0.66
7 −63837 127989 127868 15 .1619 .0001 0.61
8 −63827 128012 127875 38 .0224 .0380 0.64

Note. Bic = Bayesian information criterion; aBic = sample size adjusted Bic; 
alMR = adjusted vuong-lo-Mendell-Rubin likelihood ratio test; 
BlMR = Bootstrapped likelihood ratio test. lowest information values and 
first nonsignificant (< .007) inferential tests in bold.
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In terms of profile membership, there was little differen-
tiation between the number of simulated normative and LD 
participants in each cognitive profile with the exception that 
participants with LD were less likely to be members of 
higher IQ profiles than lower IQ profiles (comprising 56.5%, 
54.3%, 20.7%, and 5.7% of the membership of ascending IQ 
profiles). Thus, children with low average to average IQ 
scores were almost equally likely to belong to simulated 
normative and LD groups and there was no profile exclu-
sively or even predominantly populated by children with LD.

Given that LPA was simultaneously applied to both LD 
and simulated normative samples, it might be speculated 
that a unique LD profile did not emerge because it was over-
powered by the large number of normative participants 
within the LPA. To evaluate the verity of this supposition, 
LPA was applied to the 1,830 children with LD and, 

employing the same methodology as above, a model with 
three profiles was judged the most adequate in terms of both 
statistical fit and theoretical interpretability. These three 
profiles were again distinguished by level rather than shape. 
The 2,200 simulated normative participants were then prob-
abilistically classified into the three profiles defined by the 
LD sample. No profile was comprised exclusively or pre-
dominantly by LD members. For example, profile 1 with a 
mean WISC–IV index score of 85 contained 88% normative 
and 12% LD participants, profile 2 with a mean index score 
of 99 contained 52% normative and 48% LD participants, 
and profile 3 with a mean index scores of 114 contained 
88% normative and 12% LD participants. Likewise, none of 
these profiles was comprised exclusively or predominantly 
by participants with a specific academic disability in read-
ing, math, or writing. For instance, children with a specific 
reading LD comprised 19%, 22%, and 14% of the total LD 
membership in profiles 1 through 3, respectively, with mean 
WISC-IV index scores of 87, 98, and 111, respectively.

DISCUSSION

Loehlin (2019) asked if “individuals tend to fall into a small 
number of distinct clusters based on their patterns of cog-
nitive skill?” (p. 19). This study applied LPA to the WISC–
IV index scores of 1,830 children with LD and 2,200 
simulated normal participants to answer that question. LPA, 
a latent mixture method that assumes a heterogeneous sam-
ple includes several homogeneous subpopulations, results 
favored a model with four profiles that differed in level but 

Table 4. characteristics of the Four Profiles for 1,830 Students 
with lD and 2,200 Simulated Normative Participants

Profile 1 Profile 2 Profile 3 Profile 4

Norm lD Norm lD Norm lD Norm lD

vci 82.1 83.0 95.9 94.6 110.5 109.5 124.6 121.1*
PRi 81.4 84.5 97.2 99.9 108.9 112.7* 126.5 127.4
wMi 83.8 79.7 96.1 91.9* 110.1 102.7* 121.0 121.9
PSi 85.6 84.6 97.9 95.0 107.3 103.0 118.5 109.2*

n 415 539 920 1,095 717 187 148 9

APP 0.80 0.76 0.84 0.73

Note. Norm = simulated normative sample, lD = children with learning 
disability, vci = verbal comprehension index, PRi = Perceptual Reasoning 
index, wMi = working Memory index, PSi = Processing Speed index, and 
APP = average posterior probability.
* Standardized difference (d) between Norm and lD samples > .40.

Figure 1. wiSc-iv Factor index Means for the Four-Profile Model

Note. vci = verbal comprehension index, PRi = Perceptual Reasoning index, wMi = working Memory index, PSi = Processing Speed index.
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not in shape. Thus, this latent mixture model analysis found 
no mixture of subpopulations (Harring & Hodis, 2016), 
suggesting that WISC–IV score variation was due to under-
lying continuous latent factors rather than a typology 
(Berlin et al., 2014; Lubke & Miller, 2015; Morin & 
Wang, 2016).

These results are not entirely unexpected because cluster 
analysis studies of cognitive abilities have often found clus-
ters characterized by level rather than shape (Canivez, 2013; 
Loehlin, 2019; McDermott et al., 1989). Branum-Martin 
et al. (2013, Nov-Dec) demonstrated that clusters or profiles 
can artificially emerge when cut-scores are applied to cor-
related indicator variables. Reading and math skills have 
also been shown to be dimensional rather than categorical 
(Child et al., 2019; Snowling & Hulme, 2012).

Characteristics of the WISC–IV may also have contrib-
uted to the present results. As illustrated by Watkins (2010) 
with the WISC–IV standardization sample and Watkins 
et al. (2006), Watkins (2010), and Canivez (2014) with 
samples of referred students, WISC–IV factor index scores 
conflate general and group factor variance and when that 
variance is decomposed, the VCI, PRI, and WMI scores 
account for little unique variance. This problem is not 
limited to the WISC–IV as similar results were observed 
for the WISC–V (Canivez et al., 2016, 2017), WJ IV 
(Dombrowski et al., 2017, 2018), and DAS–II (Canivez 
et al., 2020; Canivez & McGill, 2016). Insufficient unique 
variability among factor index scores may make it difficult 
to identify and describe profiles beyond level.

The present results, in combination with past research 
documenting the psychometric inadequacies of PSW 
approaches, indicate that such methods should not be used 
or promoted in assessment and classification for LD. Both 
National Association of School Psychologists (2010) and 
APA (2002, 2010) ethical standards require that test scores 
and procedures be interpreted in light of empirical evi-
dence and a basic tenet of scientifically based psychology 
is that replicated, peer-reviewed evidence is needed before 
a method is accepted for clinical practice (McFall,  2000). 
Some might suggest that those reporting negative research 
findings offer a replacement. However, “the burden of 
proof in science rests on the individual making a claim, 
not the critic” (Lilienfeld et al., 2015, p. 8). Therefore, it is 
incumbent on those promoting PSW methods to provide 
evidence for their reliability, validity, diagnostic utility, and 
ultimately, treatment validity and until that supportive 
evidence is presented, such methods cannot be advocated.

LIMITATIONS

This study is unique in applying LPA to large samples of 
children with and without LD but it is not without limita-
tions. First, the sample of children with LD were extracted 

from data sets obtained for published structural validity 
studies with participants that may have been selected 
based on ability–achievement discrepancies that were 
prevalent in the past. This diagnostic standard may have 
biased the sample in unknown ways. Further, there is no 
way to know exactly what the classification criteria were 
for individual LD identification or the extent to which 
multidisciplinary teams might have deviated from the state 
or local criteria or methods in their classifications of LD. 
Also, the sample of children with LD was heterogenous in 
respect to area of academic eligibility (see Table 2). Results 
might differ if there were sufficient numbers of children 
for analyses based on homogeneous academic eligibility 
(i.e., reading only, math only, etc.). Relatedly, these data 
and analyses pertain to the WISC–IV which was replaced 
by the WISC–V in 2014. LPA with the WISC–V might 
produce different results but to date no such studies have 
appeared in the peer reviewed literature. Another limita-
tion relates to the normative sample used in the present 
study which was simulated rather than actual. Although 
the simulated data were psychometrically similar to the 
WISC–IV normative sample based on descriptive statis-
tics, correlations, and factor structure, it might differ in 
unknown ways. It is unfortunate that the publisher denied 
access to the normative sample, so simulating data to 
match normative data was the only option available.

CONCLUSIONS

A pattern of cognitive strengths and weaknesses for the 
identification of LD has been endorsed by professional 
organizations (Christo & Jones, 2014; Learning Disabilities 
Association of America, 2010), was declared to be best 
professional practice (Hale et al., 2010), and is common-
place among school psychologists (Benson et al., 2020; 
Kranzler et al., 2020; Lockwood & Farmer, 2020). These 
practices are based on the assumption that children with 
LD will exhibit unique profiles of broad ability scores that 
will reflect idiosyncratic cognitive strengths and weak-
nesses that differentially impact academic achievement 
(Hale et al., 2010; Miller et al.,  2016; Saklofske et al.,  2016).

Despite its popularity, interpretation of cognitive test 
profiles is not supported by research evidence (Floyd & 
Kranzler, 2019; Grigorenko et al., 2020; Kranzler et al., 
2019, 2020; McGill et al., 2018; Miciak et al., 2018; Watkins, 
2009) and has been described as a “shared professional 
myth” (Watkins, 2000, p. 465) and a “misuse of IQ scores” 
(Beaujean et al., 2018, p. 18). As summarized by Schneider 
and Kaufman (2017), “the evidence for the utility of using 
cognitive ability tests to diagnose learning disabilities is 
brittle and weak, and many assessment practices urgently 
need reform.” Clinical conjectures, personal anecdotes, 
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and rhetoric backed by citations of similar subjective 
claims do not constitute scientific evidence (Schneider & 
Kaufman, 2017), they offer only an “illusion of validity” 
(Kahneman & Klein, 2009, p. 517). Appeals to theory 
absent supporting empirical evidence are equally inade-
quate in scientific clinical practice. In contrast, clinicians 
must operate on the best available scientific evidence 
(Wodarski & Hopson, 2012) within an evidence-based 
assessment framework (Youngstrom et al., 2017). In agree-
ment with Loehlin’s (2019) review of the cluster analysis 
literature, we did not find a typology of children with LD 
identified by cognitive profiles, but rather, these WISC–IV 
data were best represented by continuous latent factors 
rather than by categorical latent profiles. Until additional 
research is conducted which demonstrates the presence 
of such profiles, the best available evidence suggests that 
broad ability factor scores do not aggregate into cognitive 
profiles unique to children with LD. Thus, PSW methods 
to identify children with LD are not supported by the avail-
able evidence and should be eschewed.
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