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Abstract
Children with reading disability exhibit varied deficits in reading and cognitive abilities that
contribute to their reading comprehension problems. Some children exhibit primary deficitsin
phonological processing, while others can exhibit deficitsin oral language and executive
functions that affect comprehension. This behavioral heterogeneity is problematic when missing
data prevent the characterization of different reading profiles, which often occurs in retrospective
data sharing initiatives without coordinated data collection. Here we show that reading profiles
can be reliably identified based on Random Forest classification of incomplete behavioral
datasets, after the missForest method is used to multiply impute missing values. Results from
simulation analyses showed that reading profiles could be accurately classified across degrees of
missingness (e.g., ~5% classification error for 30% missingness across the sample). The
application of missForest to areal multi-site dataset (n = 924) showed that reading disability
profiles significantly and consistently differed in reading and cognitive abilities for cases with
and without missing data. The results of validation analyses indicated that the reading profiles
(cases with and without missing data) exhibited significant differences for an independent set of
behavioral variables that were not used to classify reading profiles. Together, the results show
how multiple imputation can be applied to the classification of cases with missing data and can

increase the integrity of results from multi-site open access datasets.
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Reading Profilesin Multi-site Data with Missingness

Not all reading disabilities are the same. Children with reading disability can exhibit: 1)
relatively specific phonological and spelling impairments (Fletcher, 2009; Lauterbach et al.,
2017; Stanovich, 1988); 2) general language or language-learning impairments (Berninger &
May, 2011; Bishop & Snowling, 2004), and 3) comprehens on-specific impairments (Catts et al.,
2012). These observations are generally consistent with hypotheses that phonological decoding
and non-phonological language skills are unique and additive predictors of reading (Gough &
Tunmer, 1986; Bishop & Snowling, 2004), although executive functions also appear to
contribute to comprehension (Cain et al., 2004; Cutting et al., 2009; Locascio et al., 2010). The
inclusion of children with these different reading disability profiles can be problematic for the
outcomes of a study without away to identify and account for reading different profiles that may
have different etiologies (Samuelsson et al., 2007; Naples et al., 2009). For example, the study
of retrospective multi-site data can include children with different reading profiles, particularly if
sampling or ascertainment criteria were different across studies. This problem can be
compounded if there is completely missing data from contributing research sites that could help
differentiate reading disability profiles. Here we examined methods for dealing with missing
datato identify reading profiles in a retrospective multi-site dataset.

Reading disability profiles have been characterized based on a variety of methods and
measures that are sensitive to differencesin reading skill, memory, perceptual, and general
cognitive function (King et al., 2007; Miciak et a., 2015; Korkman & Hakkinen-Rihu, 1994;
Kornilov & Grigorenko, 2017; Talcott et al., 2013). For example, trajectory analyses were used
to differentiate reading disability cases with and without quite low general cognitive function

(Kuppen & Goswami, 2016). Torpa et al. (2007) identified unique reading disability profiles,
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which included cases with and without low general cognitive function, using a latent class
modeling approach. Or for example, Eckert et al., (2017) used a machine learning approach to
verify clinician ratings of reading disability profiles that included relatively specific deficitsin
phonological decoding (Poor Decoder), low performance across reading and cognitive measures
(Generally Poor Readers), and children with comprehensi on-specific reading disability (Poor
Comprehenders).

While these reading disability profiles can be reliably classified on the basis of
standardized test scores, missing data presents amajor challenge for classification. Thisis
particularly true for multi-site retrospective data analyses, when data collection was not
coordinated before conducting studies. For example, missing a critical variable that is key for
distinguishing between two profiles could prevent classification unless there is a method to deal
with the missingness. On the other hand, a complete case analysis approach that ignores cases
with missing scores could result in the exclusion of large numbers of children with a specific
reading disability profile from multi-site datasets (e.g., Eckert et al., 2017). Such a strict
inclusion policy introduces a fal se negative bias because of low power and this could be
potentially mitigated by using multiply imputed data. The feasibility of identifying distinct
reading profiles when there is missing data has not been examined, however.

In the current study, we examined three strategies for imputing missing data (mean
replacement, multiple imputation with Predictive Mean Matching, multiple imputation with the
missForest method) and the degree to which imputed data could then be used to reliably classify
reading profiles. Multiple imputation is a statistically principled technique to estimate
predictably missing values, usually by means of an informed regression model with an error term

(Rubin, 1987; Little, 1988; Little & Rubin, 2002). The imputation mode! is used to produce
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multiple (m) ssmulated versions of the complete dataset that fill in missing values with new
random draws that approximate the variance of the originally observed (i.e., non-missing) values.
Each of the imputed datasets are separately analyzed and then the results across datasets are
pooled (Little & Rubin, 2002). Multiple imputation produces low false negative and false
positive rates when less than 30% of the data are missing across a sample (Vaden et a., 2012).
Based on theintuition that a multivariate imputation model could be more effective at
approximating multifactor patternsthat are critical for classification analyses, we also tested the
missForest algorithm for imputing missing data. The missForest method uses a Random Forest
imputation model to estimate missing values based on decision treesinstead of univariate
regression models (Stekhoven & Buhlmann, 2012).

We examined the extent to which Poor Decoders, Generally Poor Readers, Poor
Comprehenders, and Controls were consistently classified based on a retrospective multi-site
dataset with missing data (Eckert et al., 2016; Eckert et al., 2017). We first examined
classification accuracy in a synthetic dataset to demonstrate the relative advantage of missForest
with the current dataset compared to other imputation approaches. We then applied missForest to
a dataset with real missingness and compared the behavioral profiles of cases with and without
missingness. Finally, we examined the extent to which the reading disability profiles could be
validated using a set of independent measures of spelling and spatial cognition from the multi-
Site dataset.

Methods

The data used in the current study were collected as part of aresearch project to develop

methods for retrospective multi-site datasets that are increasingly a focus of data sharing

initiatives. These data were contributed by members of the Dyslexia Data Consortium and
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included data from studies of reading disability group differences and dimensional studies of
reading development. These data were contributed by members of the Dyslexia Data Consortium
and included data from studies of reading disability group differences and dimensional studies of
reading development. Specifically, these were studies in which participants were recruited for
neuroimaging studies of dyslexia because they had received a clinical diagnosis of dyslexia, were
enrolled in schools specializing in the education of children with dyslexia, or they were recruited
from the local community for studies on reading development. Thus, the Dyslexia Data
Consortium dataset is composed of participants who were recruited with varied sampling
approaches. Additional information about the Dyslexia Data Consortium, including how to
request the data and how to access the code used in this study can be found at
www.dyslexiadata.org. Institutional Review Board (IRB) approval was obtained at each
contributing site to share de-identified data. In addition, Medical University of South Carolina
IRB approval was obtained to receive and analyze the de-identified data. We specifically
requested word and pseudoword reading accuracy, rapid naming, and Verba Comprehension
(Verbal 1Q) to determine the extent to which unique reading disability profiles could be reliably
identified with these data based on the theoretical framework described above. We also requested
any additional data that investigators could share. This resulted in a predominance of word
reading accuracy and Verbal 1Q measures, and other behavioral measures that were used in this
study to provide external validity for the reading profiles.

The current study consisted of simulation and real dataset analyses. The simulation
analyses were performed based on data that included 198 children from 8 different research sites
(78 female; ages 6.39-12.85) without any missingness. These data were used in Eckert et al.

(2017) to define reading profiles and allowed for the creation of simulated missingnessto
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compare missingness approaches. Secondly, Random Forest was used to classify reading profiles
in asample of 726 children from 11 different research sites (334 female; ages 6.02-12.94 years),
which excluded any cases from the Random Forest training dataset. Importantly, this dataset
included cases with missing data that were imputed using the best method from the simulation
results (missForest). Thefinal analysis examined differences for behavioral measures that were
not used to make the reading profile classifications from the 924 children whose data were
included in the training and test datasets (11 research sites; 412 female; ages 6.02-12.94 years).
Although there was extensive missingness in the combined validation dataset, this provided
supporting evidence for the distinct reading profiles that were classified with observed and
imputed data.

Reading profile labels

The method for classifying reading profiles was developed in Eckert et a. (2017). These
methods are presented here to explain how the reading profile labels were obtained and the
accuracy of this approach. The Random Forest reading profiles classifications from Eckert et al.
(2017) were used in the smulated and real data analyses for this study.

An expert-labeled training dataset was required to generate synthetic datasets and train a
machine learning algorithm to classify reading profiles. The 198 children included in this
training dataset had standardized scores from the (1) Woodcock-Johnson 111R or Woodcock
Reading Mastery Tests [Word Attack (pseudoword ID), Word Identification (real word ID), and
Passage Comprehension; Woodcock, 1987; Woodcock et al., 2001], (2) Wechdler Intelligence
Scales for Children or Wechsler Abbreviated Scales of Intelligence (Verbal Comprehension and
Perceptual Reasoning or Verbal 1Q; Wechdler, 1999, 2004), and (3) a standardized measure of

Rapid Naming of letters or numbers (Wagner et al., 1999; Wolf & Denckla, 2005). Guided by
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the clinical and research expertise of a Neuropsychologist, the extant literature described above,
and the age of the children, two clinically certified Speech-Language Pathologists labeled cases
into the following theoretically defined profiles: 1) Poor Decoders, 2) Poor Comprehenders, 3)
Generally Poor Readers, and 4) Controls. The resultant training dataset was composed of 58 Poor
Decoders, 27 Poor Comprehenders, 14 Generally Poor Readers, and 99 Controls.

Random Forest was used to classify reading disability cases and controls, which matched
the expert labels with 94% accuracy, based on leave-one-out cross validation tests (as reported in
Eckert et al., 2017). The R statigtics software (R version 3.3.1 with packages: caret v6.0.71,
randomForest v4.6.12) was used to train the Random Forest classifier (parameters: mtry = 2;
number of trees = 500) after a cross-validated tuning was performed (5-folds; 10 repeats) with
the training dataset described above. The same classification training procedure was used for the
synthetic and real data analyses in the current study.

Simulation Analyses

Data synthesis. A simulation study was performed to evaluate classification accuracy
when imputation was used to deal with missingness across different levels of missingness. The
data synthesistool synthpop R-package (v1.3.1; Nowok, Raab, Dibben, 2016) used in this study
was originally developed to study epidemiologic, demographic, and health-related datasets
without risk of re-identification as no case from an original dataset exactly re-occursin the
synthesized datasets. synthpop generates new datasets by estimating the value for each variable
based on its association with the other variables in the data set, thus preserving the covariance
structure across variables. We generated 1,000 synthetic datasets based on the expert-labeled
training dataset using the default synthpop settings. These datasets had N = 500 participants and

an equal number of labeled cases for each reading profile (Figure 1). Because expert labels for
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the reading profiles were propagated from the training dataset into the synthetic dataset, the
accuracy of reading profile classification with the synthetic data was calculated by comparing the
synthesized expert labels to the Random Forest classifications. Furthermore, the synthetic dataset
allowed usto systematically remove known values to simulate missingness and assess the

performance of different imputation methods.

Reading Profiles (Expert Labeled) Reading Profiles (All Simulations)
130 130
115 115 Gontrots
Poor Decr
100 100 '

Poor Comprehenders

85— = L
_Ij'.":' : N

70— 701

Verbal Pseudo- Real Passage Rapid Verbal Pseudo- Real Passage Rapid
IQ word ID  Word ID Comp Naming IQ word ID  Word ID Comp Naming

Figure 1. Consistent expert-labeled (left: n = 198) and synthetic data reading profiles (right: n =
500). Each point connected by a solid line is the mean test score and the shaded area depicts the
standard error of the mean (SEM). For the synthetic data profiles, average test scores and SEM

were calculated for each dataset with no missing data, then averaged across the 1,000 datasets.

Simulated missingness. To provide guidance about how the extent of missingness
interacts with imputation performance and classification accuracy, we tested six levels of percent
missingness within each synthetic dataset: 0, 10%, 20%, 30%, 40%, 50%. Imputation methods
are most appropriate when used to estimate values that are missing predictably in relation to

known participant characteristics (missing at random), or when those values are missing
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completely at random. Imputation methods are less appropriate when missingnessis not at
random, which occurs when the values are systematically related to the missingness, because the
true range of values is greater than what is represented in the dataset. An example of missingness
not at random would be missing comprehension scores because children had such severe reading
disability that they could not perform the task. Here we focused on missingness at random,
which can be asignificant limitation in retrospective multi-site datasets.

Three variables in each ssmulation had missing data, which could include any variable
that was used for profile classification (i.e., each participant’s age and five test scores). A
missingness indicator (present = 0, missing = 1) represented the real or missing value and was
used to ensure that each participant was missing no more than three values. Logistic regression
was used to verify that sex and research site predicted missingness (p < 0.01). These
demographic variables were selected to ensure missingness was predictable to evaluate these
methods for missingness at random. Sex and age were selected, in particular, because they could
explain why there would missing data for studies that are disproportionately represented by one
sex or across age and therefore provide results that are generalizable to other studies.

Comparing imputation methods. Three imputation methods were tested to determine
the approach that resulted in the highest reading profile classification accuracy when imputed
datasets were submitted to a Random Forest classifier. (1) First, mean replacement was used to
substitute each missing test score with the average observed score for that test. Although mean
replacement isa common approach for analyzing data with missingness, this method is known to
inflate Type | error rates by failing to approximate the distribution of values and underestimating
its variance (Schafer & Graham, 2002). (2) Next, multiple imputation with Predictive Mean

Matching (Little, 1988) was tested, which imputes missing values by drawing test scores from
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similar cases with no missing scores (R-package: MICE, v2.30; Van Buuren & Groothuis-
Oudshoorn, 2011). (3) Finally, multiple imputation via the missForest method (R-package:
missForest, v1.4; Stekhoven & Bihlmann, 2011) was tested. missForest fits an Random Forest
model (Breiman, 2001) on all of the observed datato predict missing values for each factor with
missing scores. Both Predictive Mean Matching and missForest imputation methods were used
to generate ten imputed datasets that were each classified into reading profiles using a trained
Random Forest model. Next, statistics were calculated for each of the m= 10 imputed datasets
were pooled to form point and variance estimates (Little & Rubin, 2002). No such averaging was
performed with mean replacement, because this approach can only generate one dataset.
Critically, the synthetic reading profile labels were concealed from each of the imputation
methods, so imputed test scores were informed by covariance in the test scores, participant age,
participant sex, and research site, but not the reading profile labels.

Efficiency and classification accuracy were used to assess the imputation methods.
Efficiency was calculated as the variance in the imputed scores divided by the variance in the
scores from each test. Imputation methods that produce values that are more variable than the
original datatend to produce false negative biasesin univariate tests, while methods that reduce
variance relative to the true values can produce fal se positive biases. Because we removed
known values to ssimulate missingness, variance in the imputed test scores could be directly
compared to the variance for the original test scores. The reading profile classification accuracy,
sengitivity, and specificity were computed by comparing the Random Forest classification results
to the reading profile labels in each synthetic dataset.

After determining that missForest resulted in the most accurate reading profile

classifications, we assessed how missingness within each variable affected the classification
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accuracy for each reading profile when values were imputed with missForest. Thisinvolved
selectively pooling profile-specific classification accuracy from each simulation that was missing
for a specific variable. Thisalowed usto determine if each reading profile could be classified
with confidence when akey variable that differentiated two profiles was missing. Each of these
results was averaged across 1,000 simulations to produce reliable estimates for the effects of the
amount of missingness and imputation methods on reading profile classification.
Real Data Analyses

Multiple imputation was performed with the real dataset using missForest based on the
simulation results described below. As noted above, independent classification tests were
performed using a sample that shared no cases with the training dataset. These independent real
dataincluded 726 participants with missing values for Word Attack (0.4%), Word ID (0.1%),
Passage Comprehension (16.1%), Verbal 1Q (16.6%), and RAN (35.5%). Older children were
more likely to be missing Passage Comprehension (age: r(724) = 0.28, p = 2.75E-14) and Verbal
|Q data (age: r(724) = 0.19, p = 3.63E-7), while younger children were more likely to be missing
RAN (age: 724y = -0.07, p = 0.04). Children with higher Verbal 1Q scores were more likely to be
missing Passage Comprehension data (reoz) = 0.17, p =4.23E-5). In addition, research site
significantly predicted missingness for Passage Comprehension (Nagelkerke R-square = 0.76, p
= 1.90E-85), Verbal 1Q (Nagelkerke R-square = 0.74, p = 1.96E-83), and RAN (Nagelkerke R-
square = 0.55, p = 2.80E-74). Because the missingness largely resulted from research site
differences in assessment plan, the missingness was predictable and missing at random. We had
no information to suggest that missing data were missing not at random.

To validate reading profiles with independent behavioral measures, participantsin the

Random Forest training data were combined with the participants in the test dataset. This
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combined validation dataset included 924 participants and with the exception of Performance IQ
scores (23.3% missing; Wechsler, 1999, 2004), there was substantial missingness for each
variable used to independently validate the reading profiles. Specifically, Woodcock-Johnson
Spelling (47.3% missing; Woodcock et al., 2001), Comprehensive Test of Phonological
Processing Elision (39.8% missing; Wagner, Torgesen, & Rashotte, 1999), and Wechder Digit
Span (70.7% missing; Wechsler, 1999, 2004) measures exhibited too much missingness to
reliably impute data. Caution iswarranted in interpreting results from these data, but they were
useful inillustrating distinct patterns of performance across the reading profiles.
Results

Synthetic Data Results

I mputation Diagnostics. Each of the expert-labeled reading profiles from the original
dataset were well-approximated by the synthetic datasets used in the simulations (Figure 1,
above). We compared the efficiency of each imputation method by calculating the ratio of the
variance for theimputed test scores to the variance of the original test scores. Multiple
imputation by Predictive Mean Matching most closely approximated the variance of the original
dataset across levels of missingness (Figure 2). In contrast, Mean Replacement imputation
demonstrated a steep decrease in efficiency as a function of percent missingness, simply because
this method substituted all missing values with the mean observed value (variance = 0).
missForest also underestimated the true variance in the data, although to alesser extent than
Mean Replacement. While underestimating variance can inflate the false positive rate for
univariate statistics, the classfication results below indicated that the Random Forest

multivariate classifications were not biased when using the missForest imputed data.
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Figure 2. Efficiency for the imputed synthetic data. Efficiency is calculated by dividing the
variance of the imputed dataset by the variance of the original dataset that had no missing data.
Predictive Mean Matching provided the best approximation of the original variance across the
tested levels of simulated missingness at random. The missForest imputed dataset exhibited less
variance than the original dataset. M ean Replacement demonstrated the lowest efficiency with
increasing missingness. Each point shows the average with SEM error bars calculated across
1,000 simulations.

Classfication with ssimulated missingness. After simulated missing test scores were
imputed with each method, each synthetic case was classified into a reading profile using RF.
The highest classification accuracy was observed for the missForest imputed data, relative to the
other missingness approaches. Across levels of simulated missingness, the smallest declinesin

classification accuracy, sensitivity, and specificity were observed for the missForest imputed
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data compared to the original synthetic data (Figure 3). These results suggest that classifications
with missForest imputed data were the least biased and that missForest was most sengitive to the

multivariate patterns that were present in the observed data.
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Figure 3. Reading profile classification accuracy for the imputed synthetic datasets. Reading
profile classifications based on synthetic datasets with no missing data were compared to
classifications that were performed after imputing missing values with missForest, Predictive
Mean Matching, and Mean Replacement. The missForest imputation (red line) resulted in the
most accurate classifications. The x-axis in each plot indicates the simulated percent
missingness, while the y-axis indicates the reduction in classification accuracy, sensitivity, and
specificity for the imputed datasets compared with the complete synthetic dataset. Each point

shows the average with SEM error bars calculated over 1,000 simulations.

After determining that test scores imputed with missForest resulted in the highest
classification accuracy, we examined classification accuracy for each reading profile when
specific test scores were imputed using missForest (Figure 4). Poor Decoders and Poor

Comprehenders were less accurately classified when pseudoword ID scores were among the
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missing data, while Generally Poor Readers were less accurately classified when Verbal 1Q was
missing. There was no single variable that negatively affected Control classification accuracy,
which was high even for 50% missingness. Figure 4 shows that 30% missingness would increase

classification error by ~5% across measures and reading profiles.
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Figure 4. Classification accuracy by reading profiles and missing variables. Classification
accuracy for each reading profile decreased when missForest was used to impute values for the
measure that differentiates a reading profile from the others. For example, classification accuracy
decreased more when Verbal 1Q was missing for the Generally Poor Readers compared to the
other test scores. The x-axis in each plot indicates the simulated percent missingnessin the
synthetic dataset, while the y-axis indicates the reduction in classification accuracy for the
imputed datasets were compared with the original synthetic data with no missingness. Each point

shows the average with SEM error bars calculated over 1,000 simulations.
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Real Data Results

Classification of real data with missingness. Multiple imputation increased the
available sample size from 327 participants with complete data to 726 participants (Table 1),
excluding the 198 cases used to train the classifier. The reading profiles exhibited similar
patterns of behavioral strengths and weaknesses when comparing the training dataset to
independent test dataset with no missing data and the test dataset with imputed scores (Figure 5),
aswell as the synthetic data (Figure 1). For example, Poor Decoder and Generally Poor Reader
differencesin Verbal 1Q were significantly different for the cases whose data were imputed
(ACA test dataset: tg) = 8.41, Cohen’'sd = 2.54, p = 4.60E-11; MI: t1182 = 11.66, Cohen’sd =
2.58, p = 2.28E-21). These results show that missForest appear to have accurately estimated the
values for missing variables that were critical for distinguishing the reading profiles (Figure 5).

Another demonstration of the effectiveness of missForest was the consistent reading
profile classifications across the ten imputed datasets, as reflected in the low standard deviations
for the classification labels (< 2 in Table 1). In addition, most of the correlations between
behavioral measures were consistent across ACA and M| datasets (Supplemental Figure 1). For
example, Verbal 1Q and real word ID were significantly and positively related in Controls (ACA:
I'es2) = 0.55, p = 3.76E-20; MI: r(s262 = 0.40, p = 3.69E-22), significantly and negatively related
in Poor Comprehenders (ACA: ru1 = -0.35, p = 0.02; MI: r7s6 = -0.33, p = 0.004), and non-
significantly related in Poor Decoders (ACA: 1z = -0.22, p = 0.21; MI: r(g20) = 0.16, p = 0.13)
and Generally Poor Readers (ACA: r14) = -0.45, p = 0.08; MI: r(24.2 = -0.36, p = 0.07). These
results show that missForest preserved the covariance structure between the behavioral variables

within each reading profile.
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Table 1.

Participant counts for each profile based on multiply imputed test scores or observed scores.

Analysis Poor Decoders  Poor Comprehenders  Generally Poor Contrals Total N
Approach Readers
Training Dataset 58 27 14 99 198
AMI (mean + <d) 94+11 776+10 26.2+0.8 528.2+ 0.9 726
ACA 35 43 16 233 327

A MI: multiple imputation: Random Forest classifications based on missForest inputed data
(pooled across ten imputed dataset). ACA: available case analysis. The independent test dataset

for the M1 and ACA analyses did not include participants from the reading profile training

dataset.
Reading Profiles (Training Data) Reading Profiles (Ml Test Data)
130 130
115 115 +—— Controls —-
Poor Deco:i;rs
100
85
70
Verbal Pseudo- Real Passage Rapid Verbal Pseudo- Real Passage Rapid
1Q word ID Word ID Comp Naming 1Q word 1D Word ID Comp Naming

Figure 5. The same reading profiles are observed in the training dataset (N = 198) and M| test

dataset (N = 726; pooled estimates from the m = 10 missForest imputations). Shaded area depicts

the SEM.
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Validation of Reading Profiles

Behavioral measures that were not used to classify reading profiles were also examined
to validate the profiles and determine the extent to which consistent differences were observed
across complete case and multiple imputation analysis approaches. Figure 6 and Table 2 show
that there were significant and unique reading profile differences for Performance 1Q, Spelling,
Elision, and Digit Span measures. Reading disability cases exhibited consistently lower scores
compared to controls across these measures. Generally Poor Readers were consistently the
lowest performers across measures. Generally Poor Readers and Poor Decoders demonstrated
significantly lower Elision performance compared to Poor Comprehenders. In addition, Poor
Decoders could be differentiated from Generally Poor Readers because of significantly better
Performance 1Q and Digit Span performance than the Generally Poor Readers. These results
were observed for both the complete case and multiply imputed datasets. Caution is appropriate
in interpreting the patterns of reading profile differences for these variables because of the
significant extent of missingness, which prevented these data from being imputed or informing
the Random Forest classification model. Nonetheless, the results indicate that the four reading
profiles could be distinguished with an independent set of behavioral measures, thereby

providing validation of the four reading profilesin this multi-site dataset.

Table 2.
Reading profile differences were observed for complete case (ACA) and multiply imputed (MI)

data for behavioral measures that were not used to classify the reading profiles.

Variable Missingness n F Eta p "Reading Profile Differences
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Approach Squared
PIQ ACA 488 36.46 0.18 2.95E-21 CTL >PR, PC, PD; PD, PC > PR
M 709 43.92 0.16 499E-26 CTL >PR, PC, PD; PD, PC > PR
Spelling ACA 287 70.11 0.43 6.26E-34 CTL >PR, PC, PD; PC> PR
MiI 487 103.67 0.39 8.09E-52 CTL > PR, PC, PD; PC> PR (PD > PR)
Elison ACA 415 75.89 0.36 4.45E-39 CTL >PR, PC, PD; PC> PD, PR
Ml 556 99.24 0.35 2.20E-51 CTL>PR, PC,PD; PC>PD, PR
Digit ACA 264 18.16 0.17 9.94E-11 CTL >PR, PC, PD; PD, PC > PR
Span
M 271 18.80 0.17 4.30E-11 CTL >PR, PC, PD; PD, PC > PR

ATukey HSD-corrected post-hoc comparisons (p < 0.05). While there were age differences
between profiles (all cases: F3924) = 14.86, Eta squared = 0.05, p = 1.87E-09; Poor Decoders
were 0.53 years younger than Poor Comprehenders, and 0.94 years younger than Controls), the
test score differences here remained significant and the results did not change when covarying
for the effects of age. The pairwise PC > PR difference in spelling scores was only significant in
the M1 results after controlling for age differences, shown in parentheses. PD- Poor Decoders;

PC- Poor Comprehenders; PR- Poor Readers; CTL- Controls.

Reading Profiles (Validation)

130

115

. controls

100 Poor Decoders

Poor Comprehenders

851w

70

| | | |
PIQ Spelling Elision Digit
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Figure 6. Reading profile validation with independent measures. The reading profiles, including
cases with imputed data, could be differentiated using additional test scores that were available
in the multi-site dataset, but that had too much missingness to be imputed and used for reading
profile classification. Performance IQ = PIQ. Average test scores and SEM were calculated for

each imputation, then pooled over the m = 10 imputed datasets.

Discussion

Children with reading disability exhibit heterogeneous deficits in component reading
skills that contribute to the presentation of unique reading profiles. These reading profiles appear
to have importance for understanding the etiologies of reading disability because they have been
linked to different patterns of brain morphology (Bailey et al., 2016; Jednorég et al., 2014;
Leonard et al., 2006; Leonard & Eckert, 2008) and genetic findings (Samuelsson et al., 2007,
Naples et al., 2009). Although we were not able to identify the etiology of the reading profiles
examined in this study, or characterize the presence of any additional reading profilesin the
current dataset (Tamboer et al., 2016; Torppa et al., 2007; Wolff, 2010; Kornilov & Grigorenko,

2017), we have demonstrated that the reading profiles described in the current study can be
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reliably and consistently classified with ~30% missingness. Classification accuracy exhibited
limited decline when missing data were imputed with missForest, even when key variables that
differentiate reading profiles were missing. We also validated the reading profiles with
behavioral data that were not used for classification. The methods used in this project could be
leveraged to characterize or control for behavioral heterogeneity in reading studies, and can be
applied in studies of other complex behavioral disorders.
Simulation Results

The simulation results provided critical information about the degree to which imputed
data could accurately characterize variance compared to the real data, and allowed for
comparisons of reading profile classification accuracy between imputation methods. Predictive
Mean Matching was the most accurate imputation method based on variance approximation of
the original dataset across percent levels of missingness, which indicates that it should provide
relatively limited false positive results in univariate statistic tests. Nonetheless, the data imputed
using misskorest resulted in the highest reading profile classification accuracy across levels of
missingness. The missForest imputed data also resulted in less biased classifications based on
higher senditivity and higher specificity compared to the other two methods. In the context of
multivariate analyses such as Random Forest classification, missForest appears to have
advantages over the other imputation methods even though the variability of imputed values was
reduced, which could increase false positive rates for univariate tests. Thus, Predictive Mean
Matching may be a preferable multiple imputation approach for univariate analyses, while
missForest appeared to better capture the relations between variables and was preferable for

multivariate classification analyses.
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Perhaps not surprisingly, reading profile misclassification increased when amissing
variable was critical for differentiating one reading profile from the others. For example,
Generally Poor Reader misclassification was more likely when Verbal 1Q was missing, while
Poor Comprehender and Poor Decoder misclassification were more likely when pseudoword 1D
was missing. However, there were only ~5% more classification errors with 30% simulated
missingness for these critical variables. These results suggest that missForest can be applied to a
real dataset to optimize reading profile classification accuracy.

Real Dataset Results

Again, we sought to develop methods that could help identify homogeneous cases of
reading disability in a retrospective dataset, despite missing data. There is some evidence that
reading disability classifications using cut-points can be incons stent depending on the types of
measures, in part because of incons stent measurement reliability (Miciak et al., 2015).
Measurement reliability and standardization could affect the validity of imputation and
classification. The measures used for classification in the current study are widely used in the
reading disability community and have demonstrated good concurrent and predictive validity
(Fuchs et al., 2004; Fuchs & Young, 2006; Schatschneider et al., 2004).

We used a multivariate approach to identify patterns of performance across component
reading skills, which was guided by atheoretical framework (Bishop & Snowling, 2004), clinical
expertise, and empirical evidence for unique reading profiles. We used measures that are
commonly administered in reading disability studies (e.g., Woodcock-Johnson Word Attack) to
leverage as much of the multi-site dataset as possible. One drawback to using only real word and

pseudoword accuracy measures is the absence of reading efficiency, orthography, and expressive
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or receptive syntax measures to help guide the classifications. These measures could have
enhanced multiple imputation and reading profile classifications.

While our results support the premise for characterizing three different reading disability
groups, the profile plot figures suggest that combinations of continuous effects within cognitive
domains produces these different profiles. For example, the profile plots of the Generally Poor
Readers and Poor Comprehendersin Figures 1 and 5 are largely paralldl. It is the magnitude of
impairment that appearsto differentiate these profiles. In addition, the pattern of associations
between Verbal 1Q and reading measures was similar consistent for the Generally Poor Readers
and Poor Comprehenders (Supplemental Figure 1). These results could indicate that Poor
Comprehenders and Generally Poor Readers have a common latent impairment that was not
assessed, such as poor organization or planning skills, which affects multiple functions and has a
more exaggerated effect for challenging tasks that require support from multiple neural systems
(i.e., Passage Comprehension). Thisidea could be consistent with evidence that children
exhibiting comprehension-specific reading disability also exhibit relatively low executive
function performance (Locascio et a., 2010), which may explain this unexpectedly low oral
language performance (Cutting et al., 2009). Low oral language performance (e.g., receptive
syntax understanding) would also be expected in the Generally Poor Readers (Oral and Written
Language Learning Disability; Berninger, 2008; Berninger & May, 2011). We predict that the
magnitude of executive function impairment creates differences across multiple behavioral
measures between Generally Poor Readers and Poor Comprehenders. The Generally Poor
Readers were not classified into the Poor Comprehenders profile, in part, because they also

exhibited behavioral similarity to the Poor Decoders, as we discuss below.
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Independent Validation

We leveraged data that were not used for imputation and reading profile classification to
demonstrate that the reading profiles could be differentiated with Performance IQ, Elision,
Spelling, and Digit Span measures. The same pattern of behavioral differences was observed for
cases with complete data and for cases who were classified with imputed data. The only
difference was the larger magnitude of F statistics for the imputed datasets, although not eta
squared effect sizes, suggesting that the reading profile differences were stable.

The validation data and results were limited to the extent that there were too many cases
with missing data for reliable imputation results. Nonetheless, these variables and results
provided evidence of differences between the reading profiles that included: 1) Generally Poor
Readers who had consistently low scores compared to Controls and lower Performance 1Q and
Digit Span compared to Poor Decoders and Poor Comprehenders; 2) Poor Decoders who had
lower Elision than the Poor Comprehenders, but did not differ with Poor Comprehendersin
Performance 1Q and Digit Span performance; and 3) Poor Comprehenders who performed
consistently lower than Controls, but as noted above, had better performance for the Spelling and
Elision measures compared to the Generally Poor Readers and better Elision than the Poor
Decoders.

In contrast to Figures 1 and 5 in which Generally Poor Readers and Poor Comprehenders
had similar patterns and differed in magnitude of impairment, Figure 6 shows similar patterns for
Generally Poor Readers and Poor Decoders that differed in the magnitude of impairment. In
addition, the pattern of associations between reading measures was also consistent for the
Generally Poor Readers and Poor Decoders (Supplemental Figure 1). These results suggest that

impai rments associated with Poor Decoders also contribute to the reading problems that
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Generally Poor Readers experience. Thus, Generally Poor Readers could experience executive
function problems that affect Poor Comprehenders, as well as phonological processing problems
that affect Poor Decoders. Thisinterpretation is broadly consistent with the premise that
Generally Poor Readers experience a combination of decoding and comprehension problems
(Gough & Tunmer, 1986) or non-phonological language problems (Bishop & Snowling, 2004).
Limitations

The missingness and classification methods used in this study were effective despite an
unbalanced number of participantsin each reading profile. Users of these methods should be
cautious in their implementation with relatively small datasets when it is possible that the cases
belonging to the under-sampled profile could be misclassified because of arelatively limited
contribution of these cases to the imputation model. We also acknowledge that the three reading
disability profiles examined in this study may not be a comprehensive characterization of
different reading profiles. Again, we did not have access to reading efficiency or fluency
measures that might have further differentiated the profiles. We were able to independently
validate the three reading profiles, but also note again that this study was limited by the more
extensive missingness for the variables used to validate our results.

Conclusons and Future Study

Researchers are increasingly motivated to share datain open access databases. These data
sharing and scientific transparency initiatives can advance the pace of discoveries and enhance
scientific integrity, but retrospective analysis of data collected without coordination can be
challenging for many reasons. Specifically, children with different reading disability profiles can
be included in multi-site datasets, particularly if different ascertainment or sampling criteria were

used between research sites. This sampling heterogeneity can introduce variance and challenge


https://doi.org/10.1101/269555
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/269555; this version posted April 17, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

READING PROFILESIN MU LT|-§1:-?EH£J|D}&maﬂonal license. o7

our ability to make inferences from multi-site results. Ideally, investigators could control for this
heterogeneity, but thisis difficult when there is missing data that would help differentiate
reading profiles. The current study demonstrates that consistent patterns of reading disability can
be identified in a multi-site retrospective dataset, even when there is missing data and different
numbers of children with each reading profile.

We used simulations and real datato show that reading profiles can be classified with a
high degree of accuracy when missing data are imputed using the missForest method. The
sample size of the real dataset was almost doubled by adding participants with missing datato
the participants with complete data. This provides a clear example of how the missForest
imputation method could increase statistical power and reduce the false negative rate. Including
cases with missing data also potentially increases the quality of inference because of more
representative sampling, as demonstrated in Figure 5.

Additional work and perhaps an expanded set of behavioral measures that includes
executive function, visual perception, and cognitive processing speed, as well as devel opmental
and family histories that could provide additional validation for the reading profiles. We also
emphasi ze that the methods used in this current study are not designed to classify asingle
participant for clinical reasons or for case studies. These methods should be used to enhance the
validity and inference from group level statistics. An important and broader implication of the
findings isthat the methods demonstrated here could be applied to the study of other complex
developmental and age-related disorders where there is evidence for the expression of unique
profiles or phenotypes. Thus, we anticipate that the combined multiple imputation and
classification approach described here can be applied to open access datasets that are composed

of heterogeneous cases.
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