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Abstract
Conversations about the nature of dyslexia and how dyslexia impacts reading and listen-
ing comprehension get to the heart of classification and identification models of dyslexia. 
Recently, this conversation has been expanded to include efforts to estimate the prevalence 
of dyslexia in the population through the introduction of a discrepancy index of listen-
ing comprehension and reading comprehension. This discrepancy index was proposed to 
serve as a proxy for dyslexia when estimating its prevalence in the population. Individuals 
whose reading comprehension is considerably lower than their listening comprehension are 
thought to exhibit unexpected reading deficits. However, the index could underrepresent 
certain groups within the population. The current study explored this possibility using data 
from a sample of 4078 public-school students. We hypothesized that students from his-
torically marginalized or otherwise disenfranchised groups (i.e., poor and minority groups) 
would be less likely to have a positive listening comprehension — reading comprehension 
(LC-RC) discrepancy index. Based on the results of multilevel linear mixed effect mod-
eling, socioeconomic status (SES) contributed to differential performance on the discrep-
ancy index when it was calculated using residual scores. Moreover, African American stu-
dents were identified as having a reliably lower discrepancy index regardless of how it was 
calculated. It appears that this index, which only looks at the comprehension of language 
and not production, may, in fact, disadvantage students for whom oral language production 
differs from General American English (GAE). These outcomes suggest that this measure 
may lack the sensitivity to identify bidialectal students with dyslexia.

Keywords Bidialectal students · Discrepancy models · Dyslexia · Identification · Listening 
comprehension · Reading comprehension

The current issue of Annals of Dyslexia focuses on the behavioral manifestation of dyslexia 
with a specific focus on comprehension. This timely topic draws attention to how dyslexia 
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is conceptualized with implications for classification models. Dyslexia has been studied for 
over a century and was the first identified form of a specific learning disability (Fletcher, 
2009; Kirby, 2020; Miciak & Fletcher, 2020; Snowling et al., 2020). Within the canoni-
cal model, developmental dyslexia is defined as a specific learning disability character-
ized by isolated word reading and spelling deficits — central characteristics specified in 
contemporary definitions of dyslexia (Lyon et al., 2003; Miciak & Fletcher, 2020; Rose, 
2009). These isolated reading and spelling deficits are proposed to arise from alterations 
in pathways within the left hemisphere of the brain that are implicated in sound-symbol 
correspondences and word recognition. While the nexus of these brain alterations have yet 
to be established, the alterations themselves have been well characterized in school-age 
children and adults across an array of orthographies (Cao et al., 2006, 2008; Landerl et al., 
2013; Martin et al., 2015, 2016; Norton et al., 2015; Richlan et al., 2009). Moreover, simi-
lar alterations have been observed in pre-literate children younger than 5 years of age with 
a family history of reading disabilities (Langer et al., 2017; Raschle et al., 2011).

Abnormalities in brain development implicated in dyslexia are proposed to lead to a 
restricted range of cognitive and language processing deficits, and phonological processing 
deficits are the most well-documented deficit associated with dyslexia. Individuals classi-
fied with dyslexia often struggle to process the phonological components within spoken 
words and map them to the orthographic structure of written language. These deficits form 
the basis of the phonological deficit hypothesis (Stanovich, 1988). However, the phono-
logical deficit hypothesis has been criticized for not fully accounting for the heterogeneity 
observed across individuals classified with dyslexia. Individuals with dyslexia present with 
a constellation of underlying cognitive deficits, some of which are domain-general, such as 
working memory (e.g., Gray et al., 2019; Lonergan et al., 2019). Others are language-spe-
cific, such as phonological awareness and rapid naming (e.g., Wolf & Bowers, 1999). Het-
erogeneity also appears in the profiles of reading deficits displayed by individuals identi-
fied with dyslexia. Some individuals display isolated reading and spelling deficits, whereas 
others display additional vocabulary and comprehension skills deficiencies. The diversity 
of behavioral profiles is due in part to the interaction between exogenous and endogenous 
factors. For example, the longer an abnormal developmental trajectory that is set in place 
by genetic factors remains uninterrupted by instruction and intervention, the more the con-
sequences of poor word reading and spelling abilities compound, interfering with a child’s 
exposure to written language, which can limit the development of vocabulary, background 
knowledge, and comprehension skills (Stanovich, 2009).

As a result, the behavioral phenotype of dyslexia has been expanded within contempo-
rary models of dyslexia to capture the assortment of intrinsic risk factors in language and 
cognition associated with dyslexia (Catts et al., 2017; Haft et al., 2016; Pennington, 2006; 
Wagner et al., 2019). Moreover, the heightened awareness of these complexities has led to 
renewed discussions about dyslexia and the challenges inherent to differentiating individu-
als with dyslexia from garden variety poor readers (Elliott, 2020; Gibbs & Elliott, 2020; 
Miciak & Fletcher, 2020). These conversations have also acknowledged that social deter-
minants can serve as vulnerability factors that lead to a behavioral phenotype indicative of 
dyslexia and that these factors can act independently and in tandem with factors inherent to 
a child (Catts et al., 2017; Fletcher et al., 2018).

One perspective in this debate is that the utility of dyslexia as an educational construct 
falters in practice because it is functionally impossible to determine if a child’s reading 
deficits are primarily due to endogenous factors, which differentiate a child with dyslexia 
from garden-variety struggling readers who historically have been thought to struggle to 
read due to widespread cognitive factors or social determinants (Elliott, 2020; Elliott & 
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Grigorenko, 2014; Gibbs & Elliott, 2020). This has led to renewed calls for defining dys-
lexia as an end state represented as word reading deficits as opposed to defining it based on 
the cause of the word reading deficits (Catts & Petscher, 2021). This approach is captured 
by the low achievement model of dyslexia commonly used to operationally define dyslexia 
for research purposes. From this perspective, dyslexia is defined as word reading deficits 
based on a normative sample that are unexpected on the basis of adequate opportunity and 
instruction in reading as well as adequate hearing and visual acuity in the absence of sig-
nificant intellectual disabilities.

Catts and Petscher (2021) highlighted that this definition is advantageous because it is 
agnostic to cause, focusing instead on an end state, word reading struggles. However, a 
contrasting perspective is that defining dyslexia in this manner results in the construct lack-
ing the specificity needed to be educationally meaningful. For example, Snowling et  al. 
(2020) argue that models, such as a low achievement model, have conceptualized dyslexia 
too broadly, jeopardizing its diagnostic utility.

Discrepancy approaches to dyslexia

Snowling and her colleagues advocate for narrowly defining dyslexia by adopting a dis-
crepancy framework to address the lack of specificity. From their perspective, the identi-
fication of dyslexia should be reserved for individuals whose reading and spelling deficits 
are unexpected in relation to their potential and cognitive profile as measured by an intelli-
gence test or a battery of cognitive assessments. They would also exclude individuals with 
pervasive deficits in reading skills indicative of a mixed profile from being classified with 
dyslexia. Discrepancy models are intended to differentiate individuals with dyslexia from 
garden-variety poor readers based on the logic of exceptionalism. However, discrepancy 
models that adopt IQ measures have received considerable criticism (e.g., Siegel, 1989, 
1999; Stanovich, 1991, 1999).

One of the central concerns with adopting an IQ score is that it is a measure of past 
learning and not the potential for future learning. For example, it measures a child’s 
amassed vocabulary and background knowledge based on prior experiences and educa-
tional opportunities — not their potential to benefit from high-quality educational experi-
ences and opportunities (Siegel, 1989). Furthermore, the patterns of performance across 
IQ subtests or factor scores do not differ between learning disabled and typically achieving 
children (e.g., D’Angiulli & Siegel, 2003). Other criticisms of the use of IQ measures to 
determine potential to learn is that these measures are not reliable predictors of how much 
a child will benefit from educational opportunities and do not mediate the effectiveness of 
instruction, with children benefitting equally in response to instruction regardless of their 
IQ (Stuebing et al., 2002; Vellutino et al., 1996, 2000).

However, the IQ discrepancy framework is not the only approach that has been pro-
posed to serve as the basis of a classification model of dyslexia that adopts a discrepancy 
index. Recently, a framework was proposed that represents unexpected reading deficits as 
a discrepancy between listening comprehension (LC) and reading comprehension (RC) 
(Wagner et al., 2019, 2020). This discrepancy index is similar to that of the IQ discrep-
ancy framework but focuses on language specifically. A child whose ability to comprehend 
spoken language is greater than their ability to comprehend written language is classified 
as exhibiting unexpected reading deficits. This model’s premise is that these individuals’ 
comprehension deficits are specific to written language and result from decoding and word 
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recognition skills deficiencies. This conceptualization of dyslexia is presented as an alter-
native to the canonical low achievement model of dyslexia.

Wagner et al., (2019, 2020) argued against adopting a low achievement model and sug-
gested the use of a listening comprehension — reading comprehension (LC-RC) discrep-
ancy index — instead because doing so has the potential to allow for children who present 
with wide-ranging reading deficits that include reading comprehension to be considered 
representative of a dyslexic reading profile. However, it is not a new idea. Stanovich (1991) 
mentioned that such a measure is appealing but falls prey to many of the same problems of 
distinguishing ability and achievement as IQ discrepancy approaches. LC is a language-
specific measure of a child’s amassed vocabulary and background knowledge based on 
prior experiences and educational opportunities. As such, LC serves as a proxy measure of 
a child’s exposure to social determinants of language development, promotive factors that 
foster language development, and vulnerability factors that hinder language development.

With that said, the LC-RC discrepancy index presented by Wagner et  al. (2020) dif-
fers from the traditional IQ discrepancy approach in a critical way. The IQ discrepancy 
model is intended to identify individuals with dyslexia. In contrast, the LC-RC discrep-
ancy index was introduced as a proxy for dyslexia to estimate the prevalence of dyslexia 
at a population level. It was not intended for use when identifying dyslexia at the level of 
the individual. However, the LC-RC discrepancy index can be used as part of a constella-
tion of indicators within a hybrid identification model to identify individuals with dyslexia 
(Miciak & Fletcher, 2020; Wagner et al., 2019, 2020). A hybrid approach overcomes the 
limitations inherent to using a single indicator to identify individuals with dyslexia, such as 
an IQ discrepancy approach, by including multiple indicators of poor achievement, incor-
porating response to instruction, and consideration of the association of contextual factors 
on student learning (Bradley et al., 2002; Farris et al., 2020; Fletcher et al., 2018; Miciak & 
Fletcher, 2020).

Using descriptive data obtained through the technical manuals of standardized achieve-
ment tests, Wagner et al. (2020) characterized the LC-RC index and the prevalence of dys-
lexia in the population using this proxy measure. Specifically, they used a model-based 
meta-analysis of the correlation coefficients from the normative samples reported in the 
test manuals to create a composite correlation matrix of the population estimates for the 
relations between LC and RC and then ran their simulations. They observed instances of 
LC being greater than RC across the continuum of reading abilities as represented by RC 
scores. They also observed that unexpected reading deficits were the minority of observed 
cases of struggling readers when using an LC-RC discrepancy index. While these results 
are thought-provoking, it is unknown how valid the LC-RC discrepancy index is at estimat-
ing the prevalence of dyslexia in the population.

As acknowledged by these researchers, their analytic approach relied on descriptive sta-
tistics obtained from the technical manuals of published normative assessments of read-
ing and listening comprehension. The lack of student-level data precluded the index from 
being characterized across different populations of students. It is unknown to what extent 
the index is vulnerable to biases — especially for impoverished children and children of 
color from historically marginalized and underserved populations. Such biases would raise 
questions about the index’s validity to serve as a proxy for documenting the prevalence of 
dyslexia across the entire population. It would also potentially threaten the index’s valid-
ity to serve as a behavioral marker in a constellation model intended to identify individual 
students with dyslexia.

To be clear, the constellation model represents an elegant alternative to the identi-
fication of dyslexia relative to traditional approaches reliant on a single measurement. 
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However, we had reason to suspect that the LC-RC discrepancy index may be prone 
to racial and ethnic biases. Our fundamental concern stems from defining dyslexia so 
narrowly that it leads to the underrepresentation of individuals who experience vulner-
ability factors that hinder the development of vocabulary and background knowledge, 
which could limit their performance on measures of listening comprehension (Elli-
ott, 2020; Odegard et  al., 2020). As highlighted by Catts and Petscher (2021), chil-
dren from these groups disproportionately experience vulnerability factors negatively 
associated with both oral and written language development. Specifically, Catts and 
Petscher identified vulnerability factors, such as community resources for early literacy 
development and exposure to life experiences that foster vocabulary and background 
knowledge. A lack of such resources is endemic in communities of color and poverty 
(Pace et al., 2017).

Moreover, environmental or biological risk factors, such as fetal exposure to harm-
ful substances, micronutrient deficiencies, and premature birth, can exhibit prevalence 
differences across ethnicities, sometimes even after controlling for poverty, and have 
compounding detrimental effects on a child’s development (Donovan et  al., 2002). 
Within a developmental model, these vulnerability factors correspond to social deter-
minants of reading and language development that are considered exclusionary fac-
tors within traditional classification and identification models of learning disabilities. 
These social determinants could depress a child’s comprehension scores for both lis-
tening and reading, thus reducing a potential discrepancy between LC and RC.

This concern about potential bias coincides with existing evidence that students 
from traditionally marginalized backgrounds are underrepresented in terms of whether 
they are identified with dyslexia even when performance on universal screening would 
suggest they struggle to read (Odegard et al., 2020), with similar findings occurring for 
identification with a specific learning disability (Morgan et al., 2017a; Morgan et al., 
2017b). Although earlier reports suggested students from marginalized backgrounds 
are overrepresented in special education, there was also an acknowledgment of a lack 
of data that tied a child’s sociodemographic characteristics and indicators of academic 
performance to identification with a specific learning disability (Donovan et al., 2002).

Furthermore, the potential for the LC-RC discrepancy index to be a biased measure 
of unexpectedness extends to children who are English language learners or dialect 
speakers with less exposure, knowledge, and practice using General American English 
(GAE) which is often relied on and seen as the default choice of language in academic 
situations. Dialects occur on a continuum from no to very high-density usage. Children 
whose dialect use is furthest away from the classroom and print standard have been 
identified as high risk for misidentification and underestimation of their abilities on 
language, reading, and writing assessments (Craig et  al., 2009; Puranik et  al., 2020; 
Washington et  al., 2018). Indeed, in a study of African American first through fifth 
graders who were speakers of African American English (AAE), Washington et  al. 
(2018) found that the further away a child’s dialect is from GAE, the more likely it is 
that performance on assessments reflects lack of facility with switching from AAE to 
GAE than a reflection of the child’s true language or reading ability. Thus, poor perfor-
mances for those children who are the highest density dialect users may indicate more 
about the linguistic distance of their oral language productions from print and the cog-
nitive load this places on responding than their ability to comprehend language.
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Current study

As such, we felt it prudent to address the identified limitation of the prior study that 
introduced the LC-RC discrepancy index by using an analytic sample of children in 
the early grades. Our current study intends not to debate the calculation of a discrep-
ancy index in terms of its psychometric properties or viable statistical alternatives (e.g., 
Dennis et al., 2009; Edwards, 2001; Lord, 1967; Trafimow, 2015; Williams & Zimmer-
man, 1996). We acknowledge there are multiple concerns about using difference scores 
whose reliability is influenced by the reliability of each respective measure and the true 
correlation between them. Prior studies have used two conceptually parallel calculations 
(i.e., subtraction or standardized residual score) to obtain continuous measures of the 
discrepancy between reading comprehension and decoding observed in resilient readers 
who exhibit relative strengths in reading comprehension in relation to their decoding 
skills that are often poor (Farris et al., 2021; Patael et al., 2018). Similar patterns were 
observed across models examining factors that predict reading resiliency using discrep-
ancy or residual calculations. To illustrate the robustness of our concerns across alter-
nate ways to calculate the LC-RC discrepancy, additional models using standardized 
residual scores that partial out the shared variance of RC from LC are provided.

This study was primarily conducted to test our concerns about potential bias in the 
discrepancy index as previously reported. However, the study was not intended to test 
the specific mechanisms (e.g., community resources, quality of educational opportuni-
ties, test biases) that may give rise to potential racial and ethnic biases or biases against 
those for whom GAE is a new dialect. Moreover, we had no reason to believe that chil-
dren from poverty or those of a minority status would inherently be less responsive to 
instruction or less prepared to acquire language. Instead, we viewed these factors as 
indicators of potential differences in base rate exposure to educational opportunities, 
resources, and other social determinants that impede language development.

The current study used kindergarten and first-grade data from a large sample of 
public-school students in one state. Universal screener data from the spring of kinder-
garten and the fall of first grade and demographic characteristics were available for all 
students. Based on aspects of the computer adaptive testing system used to obtain this 
universal screening data, subtest scores from the spring of kindergarten and fall of first 
grade (i.e., about 5 months apart) were needed to obtain the components of the LC-RC 
discrepancy index. These data were used to address our research questions that exam-
ine the association between student characteristics and the LC-RC discrepancy index. 
First, does a student’s experience of poverty predict their LC-RC discrepancy index? 
Second, does a student’s racial identity, which may reflect their language and cultural 
background, predict their LC-RC discrepancy index?

To address these questions, we used a multilevel linear mixed effect model to inves-
tigate the relationship between student-level factors and a student’s LC-RC discrepancy 
index while controlling for students’ nesting in schools as a random effect. A second 
model replaced the LC-RC discrepancy index with LC residual scores. Gender, a com-
ponent from the constellation model that may be associated with differences observed 
on the LC-RC discrepancy index or with LC residual scores, was also included in the 
analyses. Specifically, gender is a potential correlate of dyslexia within the constellation 
model because higher proportions of males than females tend to exhibit severe reading 
difficulties (Quinn & Wagner, 2015).
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We hypothesized that students from historically marginalized or otherwise disenfran-
chised groups (i.e., poor and minority groups) who are documented to be at greater risk to 
exposure to vulnerability factors negatively associated with language development would 
be less likely to have a positive LC-RC discrepancy index where their listening comprehen-
sion scores were relatively higher than their reading comprehension scores.

Method

Participants

Individual student-level data for 8267 students collected longitudinally from kindergarten 
into first grade during the 2017–2018 and 2018–2019 academic years were deidentified 
and shared from a state department of education in the southern USA under a data-sharing 
agreement and institutional review board protocol. Students in this sample completed Ista-
tion’s Indicators of Progress Early Reading (ISIP-Early Reading; Mathes et al., 2016) as a 
universal screener throughout their kindergarten and first-grade years. Table 1 has descrip-
tive statistics for student-level sociodemographic characteristics across the full sample of 
5222 students identified after controlling for missingness, nesting, outliers, and a second 
check for nesting of students within schools. Specifically, for each student, data were avail-
able for the Istation subtests from kindergarten and first grade used as described below to 
determine the individual’s literacy and reading skills, and data were available for at least 
five students attending each school. Then individuals with subtest scores outside of three 
standard deviations of the sample mean calculated from the 5851 students who met the 

Table 1  Student 
sociodemographic characteristics 
by ethnicity

Note. FRPL free or reduced-price lunch. The full sample was com-
posed of individuals with complete data available to address our 
research questions, whereas the analytic sample was restricted to indi-
viduals in the two ethnic groups above. The full sample was used for 
grand-mean centering continuous variables before their use in models 
(see Table  3). The research questions were addressed using the ana-
lytic sample and corresponding subgroups that allowed for an investi-
gation of potential differences across ethnic groups and their associa-
tion with the outcome measure
a N = 5222
b n = 4078
c n = 3465
d n = 613

Characteristics Full sam-
ple a

Analytic 
sample b

Caucasian c African 
American d

n % n % n % n %

Gender
Female 2498 47.8 1973 48.4 1670 48.2 303 49.4
Male 2724 52.2 2105 51.6 1795 51.8 310 50.6
FRPL
No 4544 87.0 1447 35.5 1406 40.6 41 6.7
Yes 678 13.0 2631 64.5 2059 59.4 572 93.3
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scores exist and nesting criteria were excluded. Additional students were excluded if less 
than five students remained from their school. Thus, the full sample prior to analyses had 
5222 students from 117 schools. Of the 3045 cases that were cut, most (i.e., n = 2287) were 
excluded due to missing kindergarten data. There were no reliable differences between the 
full sample and the set of excluded cases for the sociodemographic characteristics in the 
models below, all χ2(1)’s < 2.66, p’s > 0.09. Additionally, for our analyses, we excluded the 
small proportion of students identified as English language learners (ELL) or as ethnicities 
other than Caucasian or African American, due to the small size per group, variation in 
language backgrounds they represented, and shared observations of ELL status by ethnicity 
(i.e., very few Hispanic students were not ELL). The analytic sample comprised 4078 indi-
viduals from 115 schools who were Caucasian (n = 3,465) or African American (n = 613). 
Table 1 breaks down sociodemographic characteristics by student ethnicity.

Measures

Reading and literacy scores

Student data were obtained using Istation, a web-delivered computer adaptive testing sys-
tem (Mathes et al., 2016). Scores from the listening comprehension (LC) and reading com-
prehension (RC) subtests that were obtained as close in time to each other as possible were 
used to calculate the LC-RC discrepancy index, as described below. Other Istation subtest 
scores provided additional behavioral risk indicators of dyslexia consistent with the con-
stellation model of dyslexia (i.e., phonemic awareness and alphabetic decoding) and were 
used to further characterize our sample.

The listening comprehension (LC) subtest measures the student’s ability to listen and 
understand grade-level sentences or paragraphs. A sentence is read aloud by the narra-
tor, and four pictures are presented. The student chooses the picture that best matches the 
meaning of the sentence they heard. For sentence completion items, a sentence or short 
story is read aloud with one word missing. The student must choose which of four pictures 
best completes the item.

The reading comprehension (RC) subtest measures a student’s ability to read and under-
stand text presented in sentences and paragraphs. To do this, students match one of four 
pictures displayed on the screen to a sentence they have read themselves or choose one of 
four words that complete a sentence or short passage.

The phonemic awareness (PA) subtest measures the student’s understanding that spoken 
words are composed of individual phonemes. Students hear the name of four pictures and 
can hover the mouse over each picture to repeat it. They then hear a sound and click on the 
picture with the same beginning, ending, or rhyming sound. Students also complete phone-
mic blending items. For these items, four pictures are named orally. Then, the student hears 
a one to six phoneme word produced one phoneme at a time and must click on the picture 
that represents the word.

The alphabetic decoding (Decode) subtest measures a student’s ability to read nonsense 
words. Students choose which of four separate letter strings presented to them match a 
nonword that they hear. Items on this subtest increase in difficulty from single-syllable non-
words made up of two or three phonemes with one-to-one letter-sound correspondences 
to nonwords that incorporate digraphs, diphthongs, the consonant–vowel-consonant-e pat-
tern, and blends to two-syllable nonwords.
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Scores from April in the spring semester of kindergarten and September in the fall of 
first grade are provided in Table 2 and were used to calculate the LC-RC discrepancy index 
due to differences in when particular subtests are administered based on the adaptive nature 
of the testing instrument. Specifically, the last assessment of LC is obtained in the spring of 
kindergarten, and the first assessment of RC is obtained in the fall of first grade. Also, due 
to the adaptive algorithms for this computerized test, the Decode subtest is not adminis-
tered until the fall of first grade, and those scores are reported in Table 2. As the first-grade 
year progresses, some students may no longer receive scores for PA, so these scores are 
reported in Table 2 from the spring of kindergarten.

Each subtest results in scaled scores ranging from 140 to 289. These subtests are 
scaled across time or grades, but the percentile rank associated with a given score var-
ies across the subtests. The Istation instructional level goals provide the scaled scores 
that correspond to five different instructional levels based on percentile ranks (i.e., at 
or below 20th, 40th, 60th, and 80th percentiles and above 80th percentile) such that 
students scoring above the 40th percentile are performing at grade level (Mathes et al., 
2016). The range of scores obtained by students in our analytic sample (n = 4078) 
included all of these instructional levels. Based on charts from the test publisher, the 
means for our analytic sample are above the 40th percentile except for African Ameri-
can students’ e scores, which, on average, are at or below the 40th percentile. Table 2 
provides the students’ scaled scores on these four subtests for our analytic sample and 
by ethnicity group.

LC‑RC discrepancy

Because the LC and RC scores are not equivalently scaled, both individual subtest 
scores were converted to z-scores and then transformed to have a mean of 100 and a 
standard deviation of 15. The LC-RC discrepancy index was then calculated by sub-
tracting the transformed RC score from the transformed LC score, resulting in positive 
values occurring when LC scores were higher than RC scores. This is the subtrac-
tion-based discrepancy calculation proposed by Wagner and colleagues (Wagner et al., 
2019, 2020). All scores for the individual subtests and the LC-RC discrepancy index 
were grand-mean centered based on the full sample of N = 5222 before being used in 
the analyses described below.

In an attempt to address some of the psychometric concerns arising from the use of 
a subtraction-based discrepancy, a residual score version of the discrepancy was also 
calculated. Specifically, the transformed LC and RC scores from the full sample of 
N = 5222 students were used in a single-level bivariate linear regression with LC as the 
outcome variable and RC as the sole predictor. Then, the standardized residual score 
for the LC measure, which partials out the shared variance from RC was saved and car-
ried forward as the outcome variable in the second set of analyses.

These two calculations (i.e., subtraction or residual scores) have been used in prior 
studies of reading resiliency and observed to often result in similar findings across 
models (Farris et  al., 2021; Patael et  al., 2018). However, Farris et  al. (2021) noted 
that the residual scores tended to have larger standard deviations than the analogous 
subtraction-based discrepancy indices. In the analytic sample for the current study, the 
residual scores exhibited a smaller range than the subtraction-based discrepancy index 
(see Table 2).
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Data analysis

The research questions focus on the association of student sociodemographic characteris-
tics on the LC-RC discrepancy index. There were two primary sociodemographic charac-
teristics of interest, ethnicity, and poverty. Low socioeconomic status (SES), or poverty, 
is represented by whether the student does or does not qualify to receive free or reduced-
price lunch (FRPL) at school. To address the two research questions, a multilevel linear 
regression analysis was conducted through the lme4, ggeffects, and EMAtools packages 
in R (Bates et  al., 2015; Kleiman, 2021; Ludecke, 2018) with the grand-mean centered 
LC-RC discrepancy index as the outcome variable. A second model used the LC residual 
score as the outcome variable. The intraclass correlation coefficient (ICC) revealed that the 
between-school differences accounted for 7% of the variance in students’ LC-RC discrep-
ancy index scores. The version of this null model that used the LC residual scores had an 
ICC of 0.08. Next, models were developed to examine the student-level predictors for this 
score.

The models had students’ nesting in schools as a random intercept and included stu-
dent-level predictors as fixed effects (see Table 3). The student’s FRPL status, gender, and 
ethnicity were entered as dichotomous fixed effects with the reference group coded as 0. 
FRPL was coded 1 for yes and 0 for no. Sex was coded 1 for males and 0 for females. Eth-
nicity was coded 0 for Caucasians and 1 for African Americans.

This first model used the LC-RC discrepancy index as the outcome variable. The second 
model had the same structure but replaced the LC-RC discrepancy with the standardized 
residual score for LC obtained after partialing out RC. The associated regression equation 
for these two models is provided below using notation for combined equations (Heck et al., 
2014; Raudenbush & Bryk, 2002; Snijders & Bosker, 2012).

LC-RC discrepancy or LC residual scores are predicted using Eq. 1:

Results

Multilevel models

The parameter estimates and model-specific R2 values are reported for both models in 
Table 3. Across both models, gender was consistently significant such that being male rela-
tive to female was associated with smaller LC-RC discrepancies or LC residuals.

Experience of poverty

The first question is whether experiencing poverty predicts the LC-RC discrepancy. 
Contrary to our initial hypothesis, poverty (i.e., FRPL status) was not a significant pre-
dictor within this sample in the model using the LC-RC discrepancy index as the out-
come variable (see Table 3). However, as illustrated on the right side of Table 3, FRPL 
status was significant when the LC residual was used as the outcome variable. The pre-
dicted estimates (i.e., estimated marginal means for one term in the model while hold-
ing other terms constant) reveal that a Caucasian female student (i.e., someone in the 
reference category for both the sex and ethnicity variables) who qualifies for FRPL has 

(1)LC − RCDiscrepancy = γ
00
+ γ

10
FRPLij + γ

20
Maleij + γ

3−50Ethnicityij + u
0j
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an estimated LC residual of 0.18 (95% CI [0.11, 0.24]). In contrast, a Caucasian female 
student who does not qualify for FRPL has an estimated LC residual of 0.38 (95% CI 
[0.30, 0.45]). The precise value for these estimates would be further adjusted for males 
and for both males and females who are African American.

Table 3  Model parameters for multilevel models

Note. LC-RC, listening comprehension-reading comprehension; LC, listening comprehension; FRPL, free 
or reduced-price lunch; AA, African American. The intercept parameter estimate (γ00) represents the aver-
age LC-RC discrepancy index (Model 1) or LC residual (Model 2) across the analytic sample (N = 4078 
students, N = 115 schools). In both models, γ10 represents the difference in LC-RC discrepancy or LC 
residual for students who qualify for FRPL relative to students who do not, γ20 represents this difference 
for males relative to female students, and γ30 represents the difference for African American students rel-
ative to Caucasian students. The LC-RC discrepancy was grand-mean centered based on the full sample 
(N = 5222). The goodness of fit indices are metrics for the presented model compared to the respective null 
models that included a random effect for school but no fixed effects (i.e., df = 3). The LC-RC discrepancy 
null model had ICC = 0.07 and deviance = 35,601.86. The LC residual null model had ICC = 0.08 and devi-
ance = 11,300.01
*  p < .01
** p ≤ .001

Effect Parameter Model 1: LC-RC discrepancy Model 2: LC residual

Estimate SE 95% CI d Estimate SE 95% CI d

Fixed effects
Intercept γ00 2.40* 0.76 0.90–3.90 0.38** 0.04 0.30–0.45
FRPL Yes γ10 0.78 0.67  − 0.53–2.10 0.04  − 0.20** 0.03  − 0.27 

to − 0.13
 − 0.19

Male γ20  − 1.64* 0.59  − 2.80 
to − 0.49

 − 0.09  − 0.21** 0.03  − 0.27 
to − 0.15

 − 0.22

AA γ30  − 7.16** 1.01  − 9.13 
to − 5.18

 − 0.31  − 0.40** 0.05  − 0.50 
to − 0.30

 − 0.34

Random effects
Variance components
Level 1 

(student)
σ2 348.08 0.88

Level 2 
(school)

τ00 18.58 0.05

Goodness of fit
Deviance 35,541.96 11,154.434
∆χ2 59.9 145.58
∆df 3 3

Model effect sizes
ICC 0.05 0.05
Marginal R2 0.02 0.05
Conditional 

R2
0.07 0.10
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Racial and ethnic identity

Returning to the predictor addressing the second research question, as anticipated, African 
American students tend to have lower LC-RC discrepancy index scores relative to Cauca-
sian students (see Table  3). Specifically, the predicted estimates for the LC-RC discrep-
ancy for a female student who does not qualify for FRPL (i.e., a student whose character-
istics place them in the reference category for both the gender and FRPL status variables) 
are 2.4 (95% CI [0.90, 3.90]) if this hypothetical student is Caucasian. However, the pre-
dicted estimate for LC-RC discrepancy is − 4.76 (95% CI [− 7.14, − 2.38]) if the student is 
African American. The same pattern of results was observed in the model that replaced 
the LC-RC discrepancy index with a standardized residual score for LC that partials out 
RC (see Table 3). A hypothetical female who does not qualify for FRPL is predicted to 
have an LC residual of 0.38 (95% CI [0.30, 0.45]) if she is Caucasian and − 0.02 (95% CI 
[− 0.14, 0.10]) if she is African American. Moreover, due to the compounding effects of 
sex and poverty, a male student who qualifies for FRPL is predicted to have an LC residual 
of − 0.03 (95% CI [− 0.10, 0.03]) if he is Caucasian and − 0.43 (95% CI [− 0.54, − 0.33]) if 
he is African American.

Viewing the sample distribution for LC‑RC discrepancy

To further illustrate these differences in LC-RC discrepancy by the student’s ethnicity, 
Table 4 recreates the Wagner et al. (2020) table of the percentages of students falling into 

Table 4  Students with three 
levels of positive LC-RC 
discrepancy by three levels of 
poor reading comprehension 
separated by ethnicity groups

Note. LC-RC, listening comprehension-reading comprehension; RC, 
reading comprehension. Based on the LC-RC discrepancy calcula-
tion, positive values reflect a student whose listening comprehension 
(LC) score is higher than their RC score. The standard deviations as 
well as values corresponding to magnitudes of standard deviation for 
each variable (RC transformed and LC-RC discrepancy) were based 
on the full sample (N = 5222) descriptive statistics (RC transformed 
M = 100.00, SD = 15.00; LC-RC discrepancy M = 0.00, SD = 19.51). 
Standard deviation above the sample mean is represented with a plus 
sign ( +), whereas standard deviation below the sample mean is repre-
sented with a minus sign ( −)

LC-RC discrepancy

 + 1 SD  + 1.5 SD  + 2 SD

n % n % n %

Caucasian
RC
 − 1 SD 255 7.4 153 4.4 68 2.0
 − 1.5 SD 86 2.5 43 1.2 56 1.6
 − 2 SD 56 1.6 32 0.9 18 0.5

African American
RC
 − 1 SD 24 3.9 11 1.8 3 0.5
 − 1.5 SD 15 2.4 6 1.0 2 0.3
 − 2 SD 8 1.3 3 0.5 1 0.2
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the categories of having low reading skills at different levels of severity and LC-RC dis-
crepancy favoring LC at differing magnitudes. The African American students appear to be 
underrepresented across the full continua of both RC and the LC-RC discrepancy scores. 
Moreover, Fig. 1 is a scatterplot of the RC and LC scores. The scatterplot represents the 
transformed scores that have M = 100 and SD = 15 and were used to calculate the LC-RC 
discrepancy index. Students in the different racial and ethnic groups are represented with 
different colored shapes. Following Wagner et  al. (2020) in Fig.  3, a diagonal line was 
superimposed to demarcate a cut-point when LC is 1.5 SD greater than RC. Using this 
cut-point, we replicate Wagner et al. (2020) by observing students with this magnitude of 
an LC-RC discrepancy across the continua of reading skill. Both students with strong and 
weak RC scores exhibit an LC-RC discrepancy favoring LC. However, supporting our mul-
tilevel mixed effect modeling results, Caucasian students are the majority of individuals 
who fall above this cut-point. To further unpack the scatterplot, Fig.  2 provides density 
plots for the transformed LC and RC scores. The bottom panel shows that the distribution 
of RC scores is similar across the two ethnic groups.

In contrast, the top panel shows that although the means are similar, the distributions for 
the LC scores appear to differ across the ethnic groups. In particular, there are more Cau-
casian students with scores above the set mean of 100. Figure 3 displays the density plot 
for the LC-RC discrepancy scores themselves. Again, there appears to be some divergence 
in the distributions. Students who are Caucasian appear to be more likely to have positive 
LC-RC discrepancy scores reflecting potentially stronger LC than RC abilities.

Discussion

The current study explored the utility of the LC-RC discrepancy index to serve as a 
valid estimate of dyslexia for the population within a large, diverse sample of students in 
the early grades. This exploration is particularly pertinent in light of studies suggesting 

Fig. 1  Scatterplot of listening 
comprehension and reading 
comprehension by ethnicity. 
Note. LC, listening comprehen-
sion; RC, reading comprehen-
sion. Values in the scatterplot 
are the transformed LC and RC 
scores. The original scale scores 
were converted to z-scores and 
transformed to have a mean of 
100 and a standard deviation of 
15. Points above the diagonal 
line represent individual students 
whose transformed LC score is 
1.5 SD above their transformed 
RC score
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students from traditionally marginalized backgrounds are underidentified with dyslexia or 
specific learning disabilities (Morgan et al., 2017a; Morgan et al., 2017b; Odegard et al., 
2020) because the LC-RC discrepancy index was first presented as a way to estimate the 
prevalence of dyslexia at the population level, which implies the inclusion of all students. 
We replicated and extended the modeling work of past researchers to a new sample of 
public-school students. To some extent, our analyses agree with many of the conclusions 
drawn by Wagner et  al. (2020). Specifically, we observed the prevalence of dyslexia to 
be best represented as a distribution that varies as a function of severity instead of any 
single-point estimate when using the LC-RC discrepancy index. Additionally, we observed 
more expected poor readers than unexpected or dyslexic readers using the LC-RC discrep-
ancy index. Finally, individuals with dyslexia as defined using the LC-RC discrepancy 
were observed across the full reading spectrum instead of only at the lower tail of reading 
performance.

Fig. 2  Density plots of listening 
comprehension and reading com-
prehension by ethnicity. Note. 
LC, listening comprehension; 
RC, reading comprehension. The 
top panel is the density plot for 
transformed LC scores, and the 
bottom panel is the density plot 
for transformed RC scores
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Despite confirming the overall psychometric properties of the LC-RC discrepancy 
index, we also confirmed our hypothesis that this index would not be as representative of 
historically underserved communities of the population. In particular, African American 
students were identified as having a reliably lower discrepancy index. As illustrated in 
Fig. 2, these differences arise from how well students performed on the listening compre-
hension test. The distributions on the reading comprehension test for the African American 
and Caucasian students largely overlap. However, the distributions of listening comprehen-
sion scores shift across these groups and do not overlap as much as the reading comprehen-
sion distributions. These shifts in listening comprehension scores result in the differences 
observed in the LC-RC index.

These results highlight a potential challenge to using a discrepancy cut-off established 
for proficient speakers of a language in a population where a non-trivial portion of indi-
viduals is still developing proficiency in that language. For example, an estimated 4.9 mil-
lion children in US public schools are striving to learn to speak, read, and write the English 
language (cite?). These numbers do not include children who are dialectal speakers. Our 
findings suggest the LC-RC discrepancy index is ill-suited to present a non-linguistically 
biased estimate of the prevalence of dyslexia among children in US schools. Of course, this 
finding is unremarkable and expected.

Cultural sensitivity, dialects, and language

Inconsistent findings were observed regarding the role of SES on performance. Our proxy 
for SES, FRPL, did not appear to contribute to differential performance on the discrepancy 
index. However, it was significant in the alternate models using residual scores such that 
students who qualify for FRPL were predicted to have lower scores. This finding using a 
more psychometrically appropriate calculation to represent the discrepancy suggests that 
individuals with lower SES may be more likely to exhibit similar rather than discrepant 
LC and RC scores. Both the LC-RC discrepancy index and LC residual score do, however, 
result in lower performance among African American students as compared to Caucasian 

Fig. 3  Density plot of LC-RC 
discrepancy index by ethnicity. 
Note. LC-RC, listening compre-
hension-reading comprehension. 
LC-RC discrepancy scores of 0 
reflect a student having the same 
scores for LC and RC once these 
subtests were transformed to be 
on the same scale (i.e., M = 100, 
SD = 15). The analytic sample 
had LC-RC discrepancy of 
M = 1.06 (SD = 19.39)
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students. Even though the effect sizes for our findings are small (see Cohen’s d values in 
Table 3), it is important to ask what distinguishes these two groups.

It appears that this index which only looks at the comprehension of language and not 
production may, in fact, disadvantage students for whom oral language production differs 
from General American English (GAE). That is, these outcomes suggest that this measure 
may lack the sensitivity to identify bilingual and bidialectal students with dyslexia, which 
is not unlike current assessments that fail with these children. Students whose language 
variety differs from that presented on the listening comprehension measure are likely dis-
advantaged in the scoring of their responses on this measure. Indeed, Washington et  al. 
(2018) reported that among their African American participants, those whose language use 
differed most significantly from GAE also performed more poorly on a measure of syntac-
tic processing. Thus, differential responding for these students may not represent purely 
poor listening comprehension abilities but instead the linguistic transformations necessary 
for these students to arrive at the desired responses. This extra step represents a cognitive 
load for these students that is not a burden for students whose language is not impacted by 
a different dialect or language than that of the listening comprehension measure. In this 
case, the discrepancy between LC and RC may not be representative of these students’ 
competence on the LC (or RC) measure but instead manifests as performance that may be 
flat across both measurements, indicative of the differences in language use that they bring 
to the LC task rather than an actual LC deficit.

Limitations

There are several limitations to our study that we must acknowledge. First, we adopted a 
single curriculum-based measure for the current study. Thus, we cannot speak to issues of 
sampling variability, unrepresentativeness across specific tests used to measure the con-
structs of interest, and differences in the correlation between the scores for the two con-
structs. Future research will be needed to determine if the present study’s findings extend 
to other curriculum-based measurements. Moreover, research will be needed to determine 
if the findings reported here extend to the measures Wagner and his colleagues used to 
simulate their data (Wagner et al., 2020). Also, the measure of LC and RC that we used 
to compute the LC-RC index were obtained at two different time points about 4–5 months 
apart. The LC measure was obtained at the end of kindergarten, and the RC measure was 
obtained at the beginning of first grade. It would have been more ideal to have measured 
these constructs at the same time in part because, with each score acquired at a separate 
point in time, we cannot examine the effect of time on either the student’s listening or read-
ing comprehension score.

Moreover, we did not have a specific measure of dialect usage to determine the fre-
quency and extent that children in the sample speak with a dialect other than GAE. The 
extent to which children speak a dialect is an important consideration as it has been associ-
ated with responding on reading, writing, and language assessments. In particular, children 
who use dialect to the greatest degree are more likely to struggle and experience slower 
growth of language and literacy skills than their peers who speak with low or no levels 
of dialect (Puranik et al., 2020; Washington et al., 2018). Perhaps also important, the dis-
tance from print will be greatest for children living in the Southern United States who have 
regional and cultural linguistic variations in their productions, making the density of dia-
lect used much greater (Lee-James & Washington, 2018).
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Finally, there are statistical arguments that can be leveraged about the choice to use a 
simple raw difference score as a discrepancy measure itself. This limitation extends to the 
inclusion of other language-based measures into the index to better capture the experi-
ence and abilities of dialectal students. We intended to replicate the studies introducing 
the LC-RC discrepancy index in a new empirical dataset with a diverse sample of students 
to highlight boundary conditions. We were motivated by the concerns of this approach 
raised decades ago that social determinants can adversely impact language development 
(Stanovich, 1991). Our findings are troubling, and we do not recommend the use of the 
LC-RC discrepancy as a simple raw difference considered as a blanket estimate of the 
prevalence of dyslexia in a diverse population of language learners in the USA and other 
parts of the world. It does not appear that an alternate operationalization of the discrep-
ancy using a residual score calculation overcomes these problems either. Future studies can 
further explore calculations using other residual scores, such as regressing LC out from 
RC based on a focus derived from prominent theories about the components of reading 
comprehension (e.g., Gough & Tunmer, 1986; Kim et al., 2017; Perfetti & Stafura, 2014; 
Vellutino et al., 2007). Any alternate methods explored to model this discrepancy should 
continue to consider the psychometric properties underlying the magnitude and direction 
of the relationship between the two constructs of interest.

Conclusions

Moving forward, collectively across stakeholder groups, we need to address the entire field 
of special education and, in particular, the eligibility category of specific learning disabil-
ity, not just dyslexia, as one representative form of a learning disability with acknowledged 
problems. We need to do so because the identification and classification models used for 
dyslexia are based on the same logic used for classifying any specific learning disability 
(Farris et al., 2020; Fletcher et al., 2018). Moreover, the successful implementation of any 
existing identification model to allow equitable protections for all students under the law is 
called into question when considering the reality in schools.

Discrepancy models assume that we can find isolated indicators of a child’s potential 
and ability to learn, but performance on these measures is linked to opportunity and privi-
lege. Discrepancy models are also fraught with statistical concerns regarding the psycho-
metrics involved in the calculation of the discrepancy, an issue for which ongoing debates 
have continued for at least 50 years (e.g., Dennis et al., 2009; Edwards, 2001; Lord, 1967; 
Trafimow, 2015; Williams & Zimmerman, 1996).

A hybrid model that includes instructional response as a defining characteristic is a 
welcomed innovation (Fletcher et al., 2018; Miciak & Fletcher, 2020). However, a hybrid 
model’s efficacy depends on fully implemented educational systems to ensure optimal 
reading outcomes for most kids. These limitations are not due to the models per se as much 
as they are due to the interaction of the models being implemented with the messy societal 
realities of reading education in public schools. These realities force us to consider how we 
establish well-implemented educational systems in all schools to ensure equitable educa-
tional opportunities for all students.

One conclusion drawn from the vast literature on reading is that any child can learn 
to read except for only a limited number with severe intellectual disabilities. The idea 
of exceptionalism is based on the premise that it is possible to parse struggling readers 
into one group whom we think are failing to reach their potential and we expect more 
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from and another group for whom nothing is out of the ordinary. When this logic is 
intermixed with racial and ethnic stereotypes about academic potential, there are serious 
reasons for concern. The idea of exceptionalism is interlinked with the idea of a specific 
learning disability that was codified into law in the USA within the Individuals with 
Disabilities Education Improvement Act (IDEA) (Farris et al., 2020). But is the logic of 
exceptionalism still justified and a defensible position based on the amassed empirical 
data that has emerged in reading development since the inception of the construct of 
specific learning disability?

Since the establishment of IDEA, we have learned that there are numerous reasons 
why children may struggle to read. One of these reasons is a neurobiological predis-
position that is one path that can lead to word reading struggles indicative of dyslexia. 
Within a biopsychosocial perspective, this represents an underlying diathesis. We must 
continue to acknowledge the reality that some children are born with a diathesis that 
increases their risk of word reading struggles. Otherwise, we will revert to a day in 
which parents and children were blamed as the problem and lose sight of the reality that 
some kids, even ones from the most privileged positions in our society whose exposure 
to vulnerability factors are negligible, will struggle to read even when provided with the 
best core reading instruction. These children will require additional support and instruc-
tion to read, and they should receive it.

At the same time, an even larger number of children will struggle from clearly identi-
fiable social determinants (e.g., deficiencies in the quality of the educational opportuni-
ties provided). Historically, the impetus has been to identify a diathesis for reading prob-
lems focusing on endogenous causal factors, and when the environment was considered, 
it was almost universally used as an exclusionary factor. However, for both of these 
scenarios, the root cause of the reading problems is not the child’s fault. More to the 
point of the concept of an LC-RC discrepancy index, the concern is the extent to which 
marginalized communities would be disadvantaged due to their recognized increased 
exposure to vulnerability factors that serve as social determinants of decreased language 
ability leading to biased estimates of base rates of dyslexia in these communities.

In a perfect world, all children would have the potential to develop to their full poten-
tial. As such, one question moving forward is, what are we going to do to remove obsta-
cles to children succeeding and establish the base educational systems that students 
need to learn. We argue that these are the same systems required to make the most inno-
vative identification and classification models of specific learning disabilities function 
as intended. Addressing this challenge will require educational tools that are sensitive 
to language differences, and the creation of these tools and instructional practices that 
take into consideration these differences is imperative. Another imperative is not to lose 
sight of students whose language and lack of opportunities may disadvantage them and 
underrepresent them within protected classes of students — such as students with dys-
lexia and other forms of learning disabilities — in population indexes that provide the 
base rates that drive identification of students with disabilities, which is the reported 
motivation for developing the LC-RC index (Wagner et al., 2019, 2020).
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