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Stable Sparse Classifiers Identify qEEG Signatures that Predict Learning Disabilities (NOS) Severity
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In this paper, we present a novel methodology to solve the classification problem, based on sparse (data-driven) regressions, combined with techniques for ensuring stability, especially useful for high-dimensional datasets and small samples number. The sensitivity and specificity of the classifiers are assessed by a stable ROC procedure, which uses a non-parametric algorithm for estimating the area under the ROC curve. This method allows assessing the performance of the classification by the ROC technique, when more than two groups are involved in the classification problem, i.e., when the gold standard is not binary. We apply this methodology to the EEG spectral signatures to find biomarkers that allow discriminating between (and predicting pertinence to) different subgroups of children diagnosed as Not Otherwise Specified Learning Disabilities (LD-NOS) disorder. Children with LD-NOS have notable learning difficulties, which affect education but are not able to be put into some specific category as reading (Dyslexia), Mathematics (Dyscalculia), or Writing (Dysgraphia). By using the EEG spectra, we aim to identify EEG patterns that may be related to specific learning disabilities in an individual case. This could be useful to develop subject-based methods of therapy, based on information provided by the EEG. Here we study 85 LD-NOS children, divided in three subgroups previously selected by a clustering technique over the scores of cognitive tests. The classification equation produced stable marginal areas under the ROC of 0.71 for discrimination between Group 1 vs. Group 2; 0.91 for Group 1 vs. Group 3; and 0.75 for Group 2 vs. Group1. A discussion of the EEG characteristics of each group related to the cognitive scores is also presented.
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INTRODUCTION

Learning disability (LD), with a prevalence between 2.6 and 3.5%, (14% of all with mental health problems) in children between 5 and 16 years old (Emerson and Hatton, 2013), is a complex phenomenon that includes many facets. Definitions and classifications vary profoundly (Kavale and Forness, 1995). Usually a child is identified as suffering from LD when he/she has poor performance in standardized tests for reading, mathematics, and written expression–adjusted according to the age, schooling, and level of intelligence of the proband. Specific Learning Disorder are defined by problems in only one of these three areas: reading/language (Dyslexia), Mathematics (Dyscalculia), and Writing (Dysgraphia). On the other hand, there is another category, Not Otherwise Specified Learning Disability (LD-NOS) in which more than one area is affected (Diagnostic and Statistical Manual of Mental Disorders, version IV, DSM-IV-TR; American Psychiatric Association, 2000).

Thus LD-NOS is a broad, catch-all category for children with notable learning difficulties, which affect education but do not fall into a specific category. Obtaining a more nuanced assessment of these children may help to address subject-tailored therapy methods that better cope with their problems. However, due to the heterogeneity within and across domains it is challenging to disentangle the different possible subgroups of LD-NOS.

To our knowledge, subtyping of LD-NOS children has been only based on their behavioral and neuropsychological tests. Recently, Roca-Stappung et al. (2017) used cluster analysis based on the scores of the Neuropsychological Assessment of Children test (ENI) to find 3 clearly defined subtypes in a sample of 85 LD-NOS children. Children in Group 1 showed less severe problems; those in Group 2 showed an intermediate performance (without scoring very low in any of the tests); and group 3 had the most severe problems, significantly worse than the other groups in almost all tests. Thus, group membership is an ordinal scale variable that differentiates different levels of neuropsychological disabilities that may provide a key to the design of more specific rehabilitation. Nevertheless, further work in this direction might be substantially improved by the inclusion of neural biomarkers as a basis of stratification. A natural candidate for this type of biomarker are those derived from electrophysiology which is a non-invasive, inexpensive and sensitive technology for assessing brain dysfunction with relevance to low and middle-income countries.

The first stage for the identification of a biomarker is to demonstrate a significant variation of the selected features with the disease entity. The second is to verify their predictive power for retrospective studies. Progress for the first stage has been achieved for electrophysiological biomarkers of LD-NOS in work that can be summarized as below.

Event-Related Potential parameters have been shown by several authors to differ significantly between LD-NOS children and controls and between two subgroups of LD-NOS using this technique (Silva-Pereyra et al., 2001; Heine et al., 2013; Fernández et al., 2014; Tang et al., 2014; Žarić et al., 2014; Ma et al., 2016; Moll et al., 2016). Unfortunately, ERPs requires complicated experimental conditions and will not be the focus of our interest.

Quantitative Electroencephalography (qEEG) from the resting state is, on the contrary, a less difficult to apply method. qEEG parameters are clearly different between LD-NOS children and those with good academic achievement (Becker et al., 1987; Marosi et al., 1992, 1997; Fernández et al., 2002; Žarić et al., 2017). LD children are characterized by more power in the Theta band (4–7.5 Hz) and less amount of power in the range of alpha frequencies (8–13.5 Hz) (John et al., 1983; Lubar et al., 1985; Harmony et al., 1990; Marosi et al., 1992; Chabot et al., 2001; Fernández et al., 2002; Gasser et al., 2003; Fonseca et al., 2006). Even increases in power in the Delta band have also been observed in cases with severe difficulties (Harmony et al., 1990). Furthermore, Jäncke and Alahmadi (2016), showed significant qEEG differences between children with LD-NOS, those with learning disabilities with verbal disabilities (LD-Verbal), and healthy controls. The features were selected by using a group independent component analysis (gICA) model. Finally, in the study by Roca-Stappung et al. (2017) mentioned above it was shown that qEEG parameters differed between subtypes of LD-NOS.

In this paper, we turn attention to the second stage of qEEG biomarker identification for LD-NOS subtyping: that of the selection of a subset of parameters that have high predictive power. This is an old problem in multivariate statistics: variable selection for classification. The goal is to extract a small subset of relevant variables that can jointly classify subjects accurately into different populations. The solution of this task often becomes difficult in high dimensional settings, i.e., where there is a big number of variables involved in the problem and relatively small size of the sample (Mwangi et al., 2014; Jovic et al., 2015). Different approaches to variable selection have been used. The simplest one is to rank variables by means of standard univariate statistical methods such as the t-test and select those with significant scores. Its virtue is simplicity, but it entails a high number of individual tests that then require control of false positives for multiple comparisons. It also ignores the possibly important information contained in the correlations between variables. Multivariate discriminant analysis, on the other hand, does take advantage of the correlations when selecting variables for a discriminant function. The main problems with this approach is that, in high dimensional problems, there is a lack of stability in the selection of variables: different subset of biomarkers that exhibit similarly high classification accuracy on the training set then fail utterly in the test set. It is obvious that the training phase is capitalizing on chance.

Some methods have been introduced to circumvent the difficulties that arise for variable selection and classification in high dimensional settings (Meinshausen and Buhlmann, 2010; see Hastie et al., 2009; Fan and Lv, 2010 for comprehensive reviews). We base our own work on that proposed by Wehrens et al. (2011) who developed a method to achieve stability of potential biomarkers under perturbations. We further develop these ideas and apply them to the selection of biomarkers when there are several groups that are ordered in degree of severity as is the case for LD-NOS groups described by Roca-Stappung et al. (2017).

The aims of this paper are therefore two-fold:

• To improve a technique, first introduced by Wehrens et al. (2011), for the identification of stable classifiers on tests in high dimensional settings. This method will be extended to the prediction of disability severity

• To identify, using this technique, a stable low dimensional classifier, based on a minimal set of qEEG features, that predicts the degree of severity of LD-NOS.

SAMPLE AND PROPOSED QEEG FEATURE SET

Participants

Eighty-five right-handed children (31 female) diagnosed with LD-NOS participated in the study. The age range was from 8 to 11 years (9.2 ± 0.96). They were tested with different scales: M.I.N.I.-KID (Sheehan et al., 2010), WISC-IV (Wechsler, 2007), and the Child Neuropsychological Assessment (ENI; Matute et al., 2007). They had normal neurologic examinations and no other psychiatric disorder. Their score at the Full-Scale Intelligence Quotient (FSIQ) was over 70, to exclude intellectual disability. The ENI evaluated three cognitive domains: reading, writing, and arithmetic. All subjects scored low in at least two of the three domains. A k-means cluster was applied to the ENI scores, dividing the sample into three groups. The number of clusters was previously decided by the experimentalists (Roca-Stappung et al., 2017).

The Ethics Committee of the Neurobiology Institute of the National Autonomous University of Mexico approved this study, which followed the Ethical Principles for Medical Research Involving Human Subjects established by the Declaration of Helsinki. Informed consent was signed by all children and their parents.

A detailed description of the experiment has been published elsewhere (Roca-Stappung et al., 2017).

EEG Recordings

The resting state EEG was obtained during rest, with the eyes closed, for the 19 leads of the 10–20 system, using the linked ear-lobes as reference. The data was sampled at 5 ms. To construct the EEG spectrum, for each subject, 24 artifact free segments of 2.56 s length were selected by an experienced neurophysiologist. This segment length is commonly used both in clinical and experimental EEG studies since it avoids non-stationarities in the EEG signal and guarantees an appropriate frequency resolution of 0.39 Hz for the analysis (Niedermeyer et al., 2010), with an accurate spectral description of the EEG signal, since the degrees of freedom of this estimate is larger than the number of electrodes. The EEG segments were re-referenced to the Average Reference. The data was then transformed to the frequency domain using the Fast Fourier Transform. The variables for the model were chosen from the standard high-resolution spectral model (Pascual-Marqui et al., 1988; Valdes-Sosa et al., 1990; Szava et al., 1993), which has been demonstrated to have a higher accuracy than the traditional broadband spectral models (Valdes-Sosa et al., 1990; Szava et al., 1993) since the summarization process involved in the calculation of the broad band models is a weaker approach for describing the EEG, since it can split a spectral peak between two bands (Szava et al., 1993). The spectra were calculated from 0.39 to 19.11 Hz yielding a parameter vector of 49 frequencies for each of the 19 leads, for a total of 931 variables. Spectra were rescaled by the Global Scale Factor (Hernández et al., 1994). An age correction was not applied to the data, since no significant differences with age were found among the groups. It must be noted that while the high-resolution spectral model has a higher dimensionality than the commonly used broad band estimation, we avoid, the danger of overfitting with the method described below.

STATISTICAL METHODS

The procedure to select a stable and sparse classifier is based on:

• The use of a sparse classifier based on the L1 penalty

• The evaluation of the performance of the classifier using Receiver Operator Characteristic (ROC) measures

• The use of resampling techniques to ensure variable selection that lead to stable classifiers.

We now describe each of these issues in turn.

The Sparse Classifier: Elastic Net Regression with Prior Screening

We carry out sparse classifier construction, with built-in variable selection, by estimating a weighted multivariate linear regression model known as the elastic-net (Zou and Hastie, 2005; Friedman et al., 2010). The model is described by the Equation (1):
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Here N is the number of subjects, [image: image] observations of subject i, and yi ∈ ℝ is the label group of subject i; φ0 ∈ ℝ, φ ∈ ℝp are the model parameters; γ is the regularization parameter; p is the number of variables in the model; and.
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The penalty Pγ in Equation (2) is known as the elastic-net norm (Zou and Hastie, 2005). To understand its behavior, note that the [image: image]norm induces regressions that behaves well for high dimensional regressions but that tend to spread out coefficient weights among highly correlated variables. On the contrary, the ||φ||l1 norm produces the “lasso regression” which is indifferent to highly-correlated predictors and tries to select only one thus inducing sparsity. The elastic-net reaches a compromise between the ridge and the lasso, the relative contributions being determined by the γ and λ parameters. Since these parameters are selected by cross-validation, in any specific case, the sparsity of the solution will be data-driven. The implementation of the elastic net described by Friedman et al. (2010) and Hastie et al. (2016), known as GLMNet, is implemented with high algorithmic efficiency by using cyclical coordinate descent methods. This fast implementation is essential to be able to carry out the iterative resampling techniques we use to achieve stability. We should also mention that GLMNet is able to cope with a wide family of models that includes not only the least square regression mentioned above, but also two-class logistic regression, and multinomial regression problems.

According to our experience, the GLMNet classification algorithm can deal well with problems with up to 1,000 variables, even when the number of subjects is less than 100. However, for the goal of dimensionality reduction, we applied an additional variable screening technique to eliminate variables with negligible contribution to the classification problem. This is the “indfeat” (Weiss and Indurkhya, 1998) “independent significance features test” (indfeat). For a single variable X, the “indfeat” index is the absolute value of a t-test for comparing group means. A feature is retained as a candidate if the significance value returned by the “indfeat” is larger than 1.0.

Evaluation of the Accuracy of Classifiers

A widely used technique for assessing classifier performance is that of the receiver operator curve (ROC) methodology. Let us first consider the two-group classification scenario that attempts to distinguish between D+, the diseased (i.e., the positive condition) group ad D− the healthy (i.e., the negative condition) group. Also suppose that there is a classifier that produces a continuous index T measured for both groups. The convention will be that higher values of test result are associated with greater severity of the disorder. We will classify a subject as positive if T ≥ t and this defines probabilities known as the specificity Sp(t) and the sensitivity Se(t)of the classifier:
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where P− and P+ are, respectively the probability density of the index in both groups. The ROC curve is the plot of P+ vs. 1−P−(lack of specificity). A global measure of diagnostic accuracy is the Area under the ROC curve or (AUC). As can be easily seen AUC is 0.5 for a classifier that is operating at chance and is 1 for the perfect classifier. At a greater level of detail, to determine the threshold for which the detection level is optimal [the balance between Sp(t) and Se(t)], the Youden index was defined by Youden (1950) as:
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which reaches a maximum value of 1 if the test is perfect and a minimum of 0 when classification is at chance. An optimal threshold t* can thus be obtained by taking [image: image] and the optimal Youden index, which maximizes the overall effectiveness of a diagnostic test, will be the summary measure for its discriminatory ability.

We now generalize these concepts to the situation (as dealt with in this article) in which there are three ordered diagnostic groups based on the severity of a disorder or disease:

D+ (i.e., the positive condition) group.

D0 the intermediate group (early stage/very mildly diseased).

D− the healthy (i.e., the negative condition) or, alternatively, the less affected group.

An AUC-like measure for multiple ordered groups was proposed by Obuchowski (2005). This author defines a non-parametric test that can estimate the marginal areas under the ROC between each pair of groups and the global area under the ROC for all the groups. The algorithm also allows the user to specify a parameter to penalize the effect of making a mistake in one specific sample, let us say to penalize the possibility of making a mistake with the positive class, i.e., the possibility of assigning an ill subject to the healthy population. The Youden index has also been generalized to the ordered three group scenario by Luo and Xiong (2013). Let Pi be the probability of the test in group, Di, i = +, 0, −. Now two threshold t− and t+, with t− <t+, are defined. Subjects whose T is below t− are assigned to D− and those above t+ to D+. The remaining subjects will be classified into the intermediate group D0.

The probabilities of correctly classifying patients from the three groups are individually defined as:

[image: image]

The generalized Youden index for three groups is.

[image: image]

J(t−, t+) allows the selection of optimal cutoff points as in the two-group case.

Procedure for Finding Stable Classifiers

With this framework in place, we now turn to the problem of finding stable classifiers, that is sets of variables, that have not been selected by chance. We follow here the central idea of Wherens, which is based on the idea of perturbations, that is to carry out variable selection on random subsamples obtained by resampling methods such as the jack-knife or bootstrap. If in any iteration some variables are selected by capitalizing on chance, it is very unlikely that they will be present in many other iterations of the method. More specifically, in each iteration, only the top 10% of variables (“top fraction”) is retained. The “top fraction” can be based either on the absolute values of either the t-values or the model coefficients. After all iterations, variables are ranked according to how frequently they were selected. Only variables that have a frequency of selection above a “consistency threshold” are retained as useful biomarkers. Wehrens et al. (2011) used the AUC to pick the “consistency threshold”—which is recommended to be 50%.

In this paper, we extend the methodology proposed by Wehrens et al. (2011) in several directions:

• Instead of selecting the “top fraction” of variables to be retained for each iteration we carry out this selection based on a doubly sparse procedure: preselection of variables, first by the indfeat feature selection procedure and then subsequent further sparsification by means of the elastic net regression.

• The standard AUC estimation procedure is sensitive to small perturbations in the sample, especially when the number of variables exceeds the sample size (p>>N) (Pencina et al., 2008; Gu and Pepe, 2009). To solve this problem, we implement here a stable estimate based on the empirical statistical distribution of the ROC areas, by further random samplings of the data. The value at the 50% of the distribution is adopted as a stable estimator of the AUC.

• For the estimation of the ROC curve we use a non-parametric method (Obuchowski et al., 2001; Obuchowski, 2005, 2006) valid when the gold standard is not binary, i.e., continuous, ordinal o nominal scale as in our case. The method allows assessing the discrimination accuracy by calculating the marginal area under de ROC between each pair of groups. The generalization of the ROC to multi-class has received much attention by researchers in the last decade (Nakas and Yiannoutsos, 2004).

• Additionally, to give a numerical index of the specificity and sensitivity of the method, we used the Youden index for the ordered three-group data described in the previous section.

Summary of the Method for Stable Classifier

Our procedure for the identification of stable classifiers is shown in Figure 1 in a schematic form. It consists of two parts:


[image: image]

FIGURE 1. Schematic representation of the Robust Sparse classification algorithm with stable ROC assessment. LOO-CV, Leave-One-out cross-validation; RRS-CV, Repeated Random Subsampling cross-validation.



Biomarker Selection (Left Panel of Figure 1)

1) For several iterations i, the algorithm selects a random subsample that includes 70% of the original individuals and 70% of the variables.

2) Indfeat screening with a threshold of 1.0 is used to prune the total variable set.

3) The GLMNet procedure is then applied to obtain a minimal set of variables for the iteration i. the variables selected at this iteration are kept for further analysis.

4) After a number of Max_Iterations (1,000 in our case), only the variables that are selected more than 50% of the times will be in the final selection.

5) The final classifier is found using GLMNet with the selected variables.

Note that our algorithm uses two different cross-validation procedures: the first one is the Leave-One-Out cross-validation (LOO-CV), included in the selection of the regularization parameters of the GLMNet algorithm; the second one is the subsampling of the variables and subjects in the step 2) of the loop in each iteration. This type of cross-validation is known as Repeated Random Subsampling or Monte Carlo cross-validation (RRS-CV) (Dubitzky et al., 2007, Chapter 8), which is more restrictive than the commonly used leave-one-out technique and it is one of the strongest cross-validation procedures possible.

ROC Based Biomarkers Stability Assessment (Right Panel of Figure 1)

6) For a given iteration i, a random a subsample of 70% of the original individuals the variables are formed.

7) With the remaining 30% of the subjects the Area under the ROC (AUC) curve is calculated.

8) After a number of Max_Iterations (1,000 in our case), the distribution of the AUC is found.

9) The AUC at the 50% of the distribution is retained as the measure of classification accuracy.

Note that also in this phase we use RRS-CV in step 6) during the construction and validation of the robust ROC curves.

RESULTS

Variable Selection

The methodology described in the previous section was applied to the 931 variables of the EEG spectra of the 85 LD-NOS children, divided into the three groups with increasing disability.

As a first step, the “indfeat” index was calculated between each pair of groups of the sample for all variables in the model. The variables that did not exceed the significance level of 1.0 for any pair of groups were discarded as candidate predictors. Because of this procedure, 364 variables were removed. The “biomarkers selection” step (see Figure 1 left panel) was applied to the remaining 537 variables, which identified 20 variables that were selected as biomarkers.

Table 1 shows the results of the classification procedure. The Table has been sorted by the frequencies in Hz, to facilitate comparison to the traditional Broad Band definition of EEG frequencies. Columns 1 and 2 show the Lead and frequency selected as biomarkers. Column 3 shows the proportion of times each variable appears over iterations. Column 4 shows the coefficients φ with which each variable was included in the final classification equation. Finally, Column 5 groups the selections according to the Broad Band model.


Table 1. Selected biomarkers during the classification step.
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Figure 2 summarizes the distribution of the biomarkers both in topography as well as frequency. The first row of Figure 2 shows the topographical distribution of the φ coefficients, summarized by the traditional broadband frequencies, to comparisons. Note that due to the sparse nature of the biomarkers technique, there are not wide areas selected as biomarkers, as it is commonly seen in classification techniques based on statistical thresholds. The elastic-net technique used here tries to avoid selecting variables as biomarkers which contain approximately equivalent information, which is the case of adjacent frequencies and electrodes. Note however, that the biomarkers are not randomly distributed. For example, in Delta there are three adjacent electrodes in the right hemisphere (C4, T4, and T6); in High Theta there is a wide frontal area; in Beta the variables are in the parieto-occipital areas (P3 and O1) and one in the frontal area (F3) of the left hemisphere. It is also important to observe the colors in the figure. The colors indicate that the variables have the same sign in the classification equation (i.e., same effect) and the colors are well-organized by brain regions.


[image: image]

FIGURE 2. Color-plate with the φ coefficients of the classification equation (A) and the differences of the mean EEG spectra between each pair of groups, at the selected leads by the biomarkers procedure (B). Everything has been summarized by the Broad Bands shown in Table 1. The φ coefficients have been normalized to show only the sign of the coefficient.



Rows 2 to 4 in Figure 2 show the average differences of the mean values of the spectra of each pair of groups in each frequency band.

Additionally, to facilitate the analysis of the results, Table 2 shows a summary of the clinical and the electroencephalographic findings for each group. EEG findings are extracted from the mean differences between the groups shown in Figure 2 and the cognitive findings in Roca-Stappung et al. (2017).


Table 2. A comparison between the EEG patterns and the Cognitive findings for each group.
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Performance of the Classifier

The stable marginal AUC of the ROC for each pair of groups are shown in Table 3. There is a high discrimination power of the classification equation for Groups 1 and 3 (0.91). The value of the marginal AUC for Groups 1 and 2 and for Groups 2 and 3 also exhibit a good classification accuracy over 0.7.


Table 3. Marginal and global AUC after the stability based procedure for ROC estimation.

[image: image]



Figure 3A shows the scores obtained for each subject in each group evaluated with the classification equation. A boxplot is included to show the mean and quantiles of each group. The third group is well-separated from the first two groups, explaining the large AUC shown in Table 3. The right panel of Figure 3, shows the global ROC curve for the classification equation. Note that the total area under the ROC curve is 0.92, which is higher than the area reported in Table 3 (0.89) since it has not been yet submitted to the stability procedure described in the right panel of Figure 1, which yields a more conservative estimate. Note also that the value of the ROC curve at 10% of False Positive is 0.77 and the value at 20% of False Positive is 0.91, which means that at a low rate of False Positives the sensitivity of the equation is high, a very desirable property.


[image: image]

FIGURE 3. Performance of the classification method applied to the 85 LD-NOS children (A) is a boxplot of the individual classification according to the groups. As defined, the boxplot shows the mean, percentiles, and dispersion of the groups. Note that Group 3 is almost perfectly separated from Groups 1 and 2 (B) shows the ROC curve for the global performance of the algorithm, before applying the ROC stability procedure. The rate of True Positive at a rate of 10 and 20 percents of False Positive is very high (C) shows the performance of the ROC curve under the stability procedure. Note the stable ROC estimate for the Global classification as well as the Marginal estimates for each pair of groups.



Panel C in Figure 3 shows the results of obtained with the stability procedure of the ROC, after Max_iterations = 1,000. The figures show the empirical distribution of the AUC for the global area and the pairwise areas after all iterations. In each iteration, the nominal ROC is obtained by selecting a random subsample of the original sample. The values for the total AUC as well as for each pair of groups are stored. At the end, the stable estimation of the AUCs is selected as the value at the 50th percentiles of the empirical distributions (see Figure 3C).

Optimal Sensitivity and Specificity of the Model (Youden Index)

The Youden index described in section Evaluation of the Accuracy of Classifiers was calculated for the stable classification equation. Table 4 shows the summary of the data basic statistics produced by the method. The Youden index for this model was 0.4838. The Confidence Interval (CI) at the 95% of variance was [0.38 0.59].


Table 4. Youden Index.
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The best cut-points found by the Youndex index in this case are: lower = 3.01, upper = 3.42. These values allow the Youden index not only to summarize the discriminatory accuracy of the diagnostic test but also to provide a ready-to-use optimal cut-point for future diagnosis. Table 5 shows the group correct classification probabilities, for the selected cut-points.


Table 5. Group correct classification probabilities, for the best Youden cut-points.
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Comparison of the Results with Those of Random Samples and Other Classification Methods

To explore whether results just described (see Table 2) are not produced by chance (at random), we carried a further 1,000 realizations of our complete classification procedure, reordering group membership of the random in each iteration. For each iteration, we calculated the total area under the ROC curve. The distribution of those ROC values is at the chance level (mean = 0.497). To statistically assess this result, we took the distribution of the AUC values and calculated their density distribution as well as the probability of the density function in the range 0 to 1. These results are shown in Figure 4. The left panel in Figure 4 shows the probability function of the AUC. Note that the probability of obtaining by chance an AUC value of 0.91 (like ours) is smaller than 0.1e-10, which is in practice an impossible event. The right panel of Figure 4 shows the density distribution of the values of the AUC at random level. Note that it is centered at 0.5 (random classification), which coincides with the mean value of the AUC in our random realizations.


[image: image]

FIGURE 4. Distribution of the AUC values obtained by 1000 random realizations of the classification algorithm. Left shows the probability function of the AUC in the range 0 to 1 and the right shows their density distribution function. Note that the probability of obtaining by chance an AUC value of 0.91 (like ours) is smaller than 0.1e-10, which is in practice an impossible event. Also, the density distribution is centered at 0.5 (random classification), which coincides with the mean value of the AUC in our random realizations.



Finally, to compare the performance of our method with other standard methods used in the literature, we used two classification algorithms included in Matlab R2015a:

a) A multiclass model for the Support Vector Machine (SVM) algorithm (Allwein et al., 2000; Fürnkranz, 2002; Escalera et al., 2009) (function named “fitcecoc” in Matlab).

b) A regularized linear discriminant analysis (LDA) classifier (Guo et al., 2007) (function name in Matlab “fitcdiscr” with Linear discriminant).

For both algorithms several leave-one out repetitions were carried out by successively leaving one subject out of the classification procedure and then evaluating it with the obtained classification equation as a totally independent testing sample. We thus obtained an unbiased estimate for the ROC curve. The resulting area under the ROC curve by the LDA algorithm was 0.58; and the area under the ROC for the SVM procedure was 0.65, both significantly smaller than the 0.91 obtained with our methodology.

DISCUSSION

In this paper we report a method to achieve stable classifiers for qEEG parameters, with two main objectives, to improve a technique for the identification of stable classifiers, extending this to the prediction of disability severity and the identification using this technique of a minimal set of qEEG features (biomarkers) to predict the degree of severity of LD-NOS.

A) To improve a technique (Wehrens et al., 2011), for the identification of stable classifiers on tests in high dimensional settings.

Our approach is consistent with best practices in bioinformatics and neuroinformatics where there are many more variables than subjects. To avoid capitalizing on chance, the neuroimage community has recommended the use of resampling techniques as described in the special issue of Neuroimage “Individual Subject Prediction” (Arbabshirani et al., 2017; Stephan et al., 2017; Varoquaux et al., 2017). We emphasize that our method adheres to these procedures using the elastic-net technique, which includes a regularization parameter to shrink the number of variables which will participate in the model. This is a common and effective technique to avoid overfitting since the model tries to reduce the number of parameters in a natural data-driven way. Additionally, the estimation of the regularization parameter (lambda) is performed by means of cross-validation.

The stability based ROC procedure evidenced high sensibility of the classification equation to discriminate between the groups, especially Group 3. This result points to different EEG patterns for each group, which may be an evidence of the different neurological origin of the learning disabilities, although all children have been classified in a very wide unspecific group. The current classification of LD-NOS may not be appropriate for the best understanding of the characteristic and needs of these children. Finding specific EEG alterations in each group may lead to a better classification of the children affected by this disorder, which may also be useful for the design and development of subject-tailored rehabilitation methods.

B) To identify, using this technique, a stable low dimensional classifier, based on a minimal set of qEEG features (Biomarkers), that predicts the degree of severity of LD-NOS.

We identified a set of 20 qEEG features (see Table 1) which allowed the classification of the groups. The Group 3 obtained the lowest scores in the three cognitive areas (see Table 3); their scores were extremely low compared to Groups 1 and 2. Groups 1 and 2 were more balanced; although children of the Group 1 performed better in most tests, they were especially good in Reading and Writing accuracy; the Group 2 performed significantly better in Writing Narrative Composition.

For the description of the classifiers we will use the EEG basic rhythms and/or band of frequency.

Theta Band

Theta band has been divided into Low and High Theta for convenience due to the topographical distribution of the classifiers. In the Low Theta, only the right parietal area (P4) was selected, and Group 1 had the highest values. In the High Theta, bilateral frontal areas (Fp1, Fp2, F8, and Fz) and the left parietal (P3) areas were involved, where Group 3 had the highest activity. The excess of Theta activity in the EEG at rest has been consistently reported in LD-NOS children (Mechelse et al., 1975; Colon et al., 1979; John et al., 1983; Harmony et al., 1990; Alvarez et al., 1992; Fernández et al., 2002; Jäncke and Alahmadi, 2016). This seems to be consistent with the fact that Group 3 obtained the lowest scores and, therefore, should be more affected. Compared with children with good academic Achievements, LD-NOS children had evidenced excess of Theta activity (from 3.52 to 7.02 Hz) (Fernández et al., 2002). However, some authors who have studied this entity have not reported excess in Theta activity (Byring et al., 1991; Chabot et al., 2001; Gasser et al., 2003; Fonseca et al., 2006; Thatcher et al., unpublished manuscript), although it may be due to the composition of their samples and to the frequency of different types of pathological patterns in the extensive group of LD-NOS.

It is also interesting to note the presence of frontal and parietal electrodes in the classifiers. Even if the electrodes reflected only electrical activity at the scalp, a common practice is to match this activity with the corresponding brain structures. In that case, we can say that frontal and parietal lobules are involved in the attention processes: (a) the dorsal network of attention in charge of the spatial orientation, involved frontal and parietal areas; (b) the ventral network of attention, in charge of the detection of the environmental stimuli, involved the temporoparietal joint and the ventral frontal cortex, mainly in the right hemisphere. This corresponds to the parietal and frontal cores of the orienting function (Petersen and Posner, 2012). Although LD-NOS children do not satisfy the DSM-IV criteria for Attention Deficit Disorder and Hyperactivity (ADDH), they frequently have from mild to moderate attentional deficits.

The frontal regions also process the executive functions as inhibition processes, planning, and working memory. Swanson (1987) proposed that the main deficit of LD children lies in mechanisms of executive functioning, which also points to working memory deficits as essential problems in children and adults with LD (Swanson and Siegel, 2001; Berninger, 2008), specifically in Baddeley's proposed phonological loop and central executive (Fletcher, 1985; Landerl et al., 2009; Maehler and Schuchardt, 2011; Swanson, 2012; Swanson and Stomel, 2012).

Delta Band

The presence of biomarkers at 0.39 Hz is somehow unexpected, but it was carefully tested. This very slow frequency is usually associated with ocular movements if it appears at frontal leads, but in this case, it appeared at the right central-parietal leads. (Steriade and Timofeev, 2003) hypothesized that frequencies below 1 Hz are not Delta rhythm properly but slow oscillations which, to some extent, modulates the Delta rhythm.

Alpha Band

The presence of posterior (T6) alpha rhythm has been related to the maturational process (John et al., 1983; Harmony et al., 1995; Riviello et al., 2011) and the number of correct answers in experimental conditions (Klimesch, 1999). The alpha biomarker in the left central lead (C3) may correspond to the sensorimotor rhythm (SMR). The reinforcement of SMR has been successfully used in Neurofeedback in the treatment of epilepsy (Sterman and Egner, 2006) and attention deficit disorder / hyperactivity (ADHD; Monastra et al., 2005). Pineda (2005) has found this activity related to cognitive performance. Group 1 and Group 2 exhibited the highest alpha values, which seems to be consistent with the hypothesis that they have a more matured brain than the children in Group 3.

Beta Band

Children of Group 3 have higher Beta power than the other two groups in frontopolar, anterior temporal and left parietal electrodes. Several studies have found the existence of one group of children with the combined type of ADHD which have an EEG profile characterized by excess of Beta activity (Chabot et al., 2001; Clarke et al., 2001a,b,c). We already pointed out that although LD-NOS children of our study might have attentional problems, they do not meet the criteria to be diagnosed with ADHD; therefore, it is possible that children in the Group 3 were distinguished by having more attentional problems than those of the other two groups, that may explain the greater difficulties observed in children of the Group 3. On the other hand, the temporal and left parietal regions are involved in language and calculation processes, in which these children have lower performance than other children with LD.

In our study the selected biomarkers agree with previous studies distinguishing LD from normal children (Colon et al., 1979; John et al., 1983; Harmony et al., 1990; Alvarez et al., 1992; Fernández et al., 2002; Jäncke and Alahmadi, 2016; Žarić et al., 2017). Most of the biomarkers were found in the Theta band as in previous studies, and the biomarkers in the Delta and Alpha bands have also been described to discriminate between these two groups. However, our new approach found that in each of the groups classified according to these biomarkers it is possible to distinguish also different behavioral characteristics between groups. These results are extremely valuable. Since the practical point of view, the EEG may guide the type of rehab-educational therapy, paying special attention to those with the EEG characteristics of the group 3, since these children showed the worst performance in the neuropsychological tests.

In summary, this is the first report using quantitative EEG to try to obtain subtypes within the group of children with LD-NOS abnormalities.

This is more relevant because the LD-NOS constitute a very heterogeneous group. For this reason, to apply a new procedure of analysis of the EEG to classify according to their electrophysiological characteristics (that represent the bases of behavior) is a step forward to understand their differences to explore specific new therapeutic procedures.

In the future, research using joint recordings of EEG-fMRI, in resting state or during task-related paradigms, can be a more complete validation of the biomarkers already found here, taking advantage of the MRI spatial resolution. This could shed more light about the brain structures related to each subtype.

Note that the “indfeat” procedure is an optional step inside the classification algorithm to eliminate non-informative variables. It can be avoided, or it can be performed just once before the classification. In fact, there exist other algorithms to reduce dimensionality that might be used instead. We also tested the algorithm using “indfeat” just once, outside the main loop, and obtained essentially the same results (not shown but available upon request to the authors).

CONCLUSIONS

We have shown that resampling techniques adequately protect against the curse of dimensionality when constructing classifiers from high-dimensional, small size samples. We extend the methodology by Wehrens et al. (2011), for the identification of stable classifiers for predicting degree of severity.

We apply this methodology to find an optimal predictor of LD-NOS disability severity based on a reduced set of qEEG variables that may be of use in real world screening settings.

The selection of a small set of qEEG variables with good predictive properties is of importance in practice since it would allow designing stripped-down EEG devices that could be cost/effective and deployable in all economic settings.

AUTHOR CONTRIBUTIONS

JB-B participated in methods development and programming, data analysis, and processing, manuscript writing, discussions, hypothesis elaboration, figures creation; LG-G participated in methods development, programming, discussions, manuscript revision, hypothesis elaboration; TF participated in the experiment design, data collection, manuscript revision, discussions, hypothesis elaboration; RL participated in methods development, manuscript writing, discussions, hypothesis elaboration; MR-S participated in the experiment design, data collection, and hypothesis elaboration; JR-G participated in EEG analysis, discussions, and hypothesis elaboration; MB-V introduced new methods for sensitivity and specificity and processed data in R; TH participated in discussions, hypothesis elaboration, manuscript revision; PV-S participated in the mathematical formulation, programming, discussions of the methodology, methods advisor, hypothesis elaboration, and writing of the article.

FUNDING

This research has been partially supported by Grant PAPIIT IA201417, DGAPA-UNAM, and by Grant CONACYT 251309.

ACKNOWLEDGMENTS

The authors acknowledge the technical assistance of Teresa Álvarez, Héctor Belmont, Sonia Y. Cárdenas Sánchez, Maria do Carmo Carvalho, Leonor Casanova, Bertha Esquivel, and Benito Martínez.

REFERENCES

 Allwein, E., Schapire, R., and Singer, Y. (2000). Reducing multiclass to binary: a unifying approach for margin classifiers. J. Mach. Learn. Res. 1, 113–141.

 Alvarez, A., Perez-Avalo, M. C., and Morenza, L. (1992). Neuropsychological assessment of learning-disorder children with paroxysmal EEG activity. New Issues Neurosci. 4, 40–50.

 American Psychiatric Association. (2000). DSM Library, 4th Edn. Diagnostic and Statistical Manual of Mental Disorders. Washington, DC: American Psychiatric Association.

 Arbabshirani, M. R., Plis, S., Sui, J., and Calhoun, V. D. (2017). Single subject prediction of brain disorders in neuroimaging: promises and pitfalls. Neuroimage 145, 137–165. doi: 10.1016/j.neuroimage.2016.02.079

 Becker, J., Velasco, M., Harmony, T., Marosi, E., and Landázuri, A. M. (1987). Electroencephalographic characteristics of children with learning disabilities. Clin. Electroencephalogr. 18, 93–101.

 Berninger, V. (2008). “Defining and differentiating dysgraphia, dyslexia, and language learning disability within a working memory model,” in Brain, Behavior, and Learning in Language and Reading Disorders, eds M. Mody and E. Silliman (New York, NY: The Guilford Press), 103–134.

 Byring, R. F., Salmi, T. K., Sainio, K. O., and Örn, H. P. (1991). EEG in children with spelling disabilities. Electroencephalogr. Clin. Neurophysiol. 79, 247–255. doi: 10.1016/0013-4694(91)90119-O

 Chabot, R. J., di Michele, F., Prichep, L., and John, E. R. (2001). The clinical role of computerized EEG in the evaluation and treatment of learning and attention disorders in children and adolescents. J. Neuropsychiatry Clin. Neurosci. 13, 171–186. doi: 10.1176/jnp.13.2.171

 Clarke, A. R., Barry, R. J., McCarthy, R., and Selikowitz, M. (2001a). Age and sex effects in the EEG: differences in two subtypes of attention-deficit/hyperactivity disorder. Clin. Neurophysiol. 112, 815–826. doi: 10.1016/S1388-2457(01)00487-4

 Clarke, A. R., Barry, R. J., McCarthy, R., and Selikowitz, M. (2001b). EEG-defined subtypes of children with attention-deficit/hyperactivity disorder. Clin. Neurophysiol. 112, 2098–2105. doi: 10.1016/S1388-2457(01)00668-X

 Clarke, A. R., Barry, R. J., McCarthy, R., and Selikowitz, M. (2001c). Excess beta activity in children with attention-deficit/hyperactivity disorder: an atypical electrophysiological group. Psychiatry Res. 103, 205–218. doi: 10.1016/S0165-1781(01)00277-3

 Colon, E. J., Notermans, S. L., de Weerd, J. P., and Kap, J. (1979). The discriminating role of EEG power spectra in dyslexic children. J. Neurol. 221, 257–262. doi: 10.1007/BF00314642

 Dubitzky, W., Granzow, M., and Berrar, D. (2007). Fundamentals of Data Mining in Genomics and Proteomics. New York, NY: Springer Science & Business Media.

 Emerson, E., and Hatton, C. (2013). Health Inequalities and People With Intellectual Disabilities. New York, NY: Cambridge University Press.

 Escalera, S., Pujol, O., and Radeva, P. (2009). Separability of ternary codes for sparse designs of error-correcting output codes. Pattern Recognit. Lett. 30, 285–297. doi: 10.1016/j.patrec.2008.10.002

 Fan, J., and Lv, J. (2010). A selective overview of variable selection in high dimensional feature space. Stat. Sin. 20, 101–148.

 Fernández, T., Harmony, T., Fernández-Bouzas, A., Silva, J., Herrera, W., Santiago-Rodríguez, E., et al. (2002). Sources of EEG activity in learning disabled children. Clin. Electroencephalogr. 33, 160–164. doi: 10.1177/155005940203300405

 Fernández, T., Silva-Pereyra, J., Prieto-Corona, B., Rodríguez-Camacho, M., and Reynoso-Alcántara, V. (2014). Event-related brain potentials during a semantic priming task in children with learning disabilities not otherwise specified. PLoS ONE 9:e105318. doi: 10.1371/journal.pone.0105318

 Fletcher, J. M. (1985). Memory for verbal and nonverbal stimuli in learning disability subgroups: analysis by selective reminding. J. Exp. Child Psychol. 40, 244–259. doi: 10.1016/0022-0965(85)90088-8

 Fonseca, L. C., Tedrus, G. M., Chiodi, M. G., Cerqueira, J. N., and Tonelotto, J. M. (2006). Quantitative EEG in children with learning disabilities: analysis of band power. Arq. Neuropsiquiatr. 64, 376–381. doi: 10.1590/S0004-282X2006000300005

 Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization paths for generalized linear models via coordinate descent. J. Stat. Softw. 33, 1–22. doi: 10.18637/jss.v033.i01

 Fürnkranz, J. (2002). Round robin classification. J. Mach. Learn. Res. 2, 721–747.

 Gasser, T., Rousson, V., and Schreiter Gasser, U. (2003). EEG power and coherence in children with educational problems. J. Clin. Neurophysiol. 20, 273–282. doi: 10.1097/00004691-200307000-00007

 Gu, W., and Pepe, M. (2009). Measures to summarize and compare the predictive capacity of markers. Int. J. Biostat. 5:27. doi: 10.2202/1557-4679.1188

 Guo, Y., Hastie, T., and Tibshirani, R. (2007). Regularized linear discriminant analysis and its application in microarrays. Biostatistics 8, 86–100. doi: 10.1093/biostatistics/kxj035

 Harmony, T., Hinojosa, G., Marosi, E., Becker, J., Rodriguez, M., Reyes, A., et al. (1990). Correlation between EEG spectral parameters and an educational evaluation. Int. J. Neurosci. 54, 147–156. doi: 10.3109/00207459008986630

 Harmony, T., Marosi, E., Becker, J., Rodríguez, M., Reyes, A., Fernández, T., et al. (1995). Longitudinal quantitative EEG study of children with different performances on a reading-writing test. Electroencephalogr. Clin. Neurophysiol.. 95, 426–433. doi: 10.1016/0013-4694(95)00135-2

 Harmony, T., Marosi, E., Díaz de León, A. E., Becker, J., and Fernández, T. (1990). Effect of sex, psychosocial disadvantages and biological risk factros on EEG maturation. Electroencephalogr. Clin. Neurophysiol. 75, 482–491. doi: 10.1016/0013-4694(90)90135-7

 Hastie, T., Tibshirani, R., and Friedman, J. (2009). The Elements of Statistical Learning: Data Mining, Inference, and Prediction, 2nd Edn. New York, NY: Springer.

 Hastie, T., Tibshirani, R., and Martin, W. (2016). Statistical Learning with Sparsity. The Lasso and Generalizations. San Diego, CA: CRC Press; Taylor & Francis Group.

 Heine, A., Wißmann, J., Tamm, S., De Smedt, B., Schneider, M., Stern, E., et al. (2013). An electrophysiological investigation of non-symbolic magnitude processing: numerical distance effects in children with and without mathematical learning disabilities. Cortex 49, 2162–2177. doi: 10.1016/j.cortex.2012.11.009

 Hernández, J. L., Valdés, P., Biscay, R., Virues, T., Szava, S., Bosch, J., et al. (1994). A global scale factor in brain topography. Int. J. Neurosci. 76, 267–278. doi: 10.3109/00207459408986009

 Jäncke, L., and Alahmadi, N. (2016). Resting state EEG in children with learning disabilities. Clin. EEG Neurosci. 47, 24–36. doi: 10.1177/1550059415612622

 John, E. R., Prichep, L. S., Ahn, H., Easton, P., Fridman, J., and Kaye, H. (1983). Neurometric evaluation of cognitive dysfunctions and neurological disorders in children. Prog. Neurobiol. 21, 239–290. doi: 10.1016/0301-0082(83)90014-X

 Jovic, A., Brkic, K., and Bogunovic, N. (2015). “A review of feature selection methods with applications,” in 2015 38th International Convention on Information and Communication Technology, Electronics and Microelectronics (MIPRO) IEEE (1200–1205). (Croatia).

 Kavale, K. A., and Forness, S. R. (1995). The Nature of Learning Disabilities : Critical Elements of Diagnosis and Classification. Mahwah, NJ: Lawrence Erlbaum Associates.

 Klimesch, W. (1999). EEG alpha and theta oscillations reflect cognitive and memory performance: a review and analysis. Brain Res. Rev. 29, 169–195. doi: 10.1016/S0165-0173(98)00056-3

 Landerl, K., Fussenegger, B., Moll, K., and Willburger, E. (2009). Dyslexia and dyscalculia: two learning disorders with different cognitive profiles. J. Exp. Child Psychol. 103, 309–324. doi: 10.1016/j.jecp.2009.03.006

 Lubar, J. F., Bianchini, K. J., Calhoun, W. H., Lambert, E. W., Brody, Z. H., and Shabsin, H. S. (1985). Spectral analysis of EEG differences between children with and without learning disabilities. J. Learn. Disabil. 18, 403–408. doi: 10.1177/002221948501800708

 Luo, J., and Xiong, C. (2013). Youden index and associated cut-points for three ordinal diagnostic groups. Commun. Stat. Simul. Comput. 42, 1213–1234. doi: 10.1080/03610918.2012.661906

 Ma, Y., Wang, E., Yuan, T., and Zhao, G. X. (2016). Location negative priming effects in children with developmental dyslexia: an event-related potential study. Res. Dev. Disabil. 55, 88–99. doi: 10.1016/j.ridd.2016.03.017

 Maehler, C., and Schuchardt, K. (2011). Working memory in children with learning disabilities: rethinking the criterion of discrepancy. Int. J. Disabil. Dev. Educ. 58, 5–17. doi: 10.1080/1034912X.2011.547335

 Marosi, E., Harmony, T., Reyes, A., Bernal, J., Fernández, T., Guerrero, V., et al. (1997). A follow-up study of EEG coherences in children with different pedagogical evaluations. Int. J. Psychophysiol. 25, 227–235. doi: 10.1016/S0167-8760(96)00745-3

 Marosi, E., Harmony, T., Sánchez, L., Becker, J., Bernal, J., Reyes, A., et al. (1992). Maturation of the coherence of EEG activity in normal and learning-disabled children. Electroencephalogr. Clin. Neurophysiol. 83, 350–357. doi: 10.1016/0013-4694(92)90070-X

 Matute, E., Rosselli, M., Ardila, A., and Ostrosky-Solis, F. (2007). Evaluación Neuropsicológica Infantil (ENI), Protocolo, Material, Datos Normativos. México: Manual Moderno.

 Mechelse, K., van Gemund, J. J., Nije, J. D., Burg, L., and Laurs, J. (1975). Visual and quantitative analysis of EEGs of normal school aged children and school children with specific reading disability. Electroencephalogr. Clin. Neurophysiol. 39, 106–107.

 Meinshausen, N., and Buhlmann, P. (2010). Stability selection. J. R. Stat. Soc. Ser. B Stat. Methodol. 72, 417–473. doi: 10.1111/j.1467-9868.2010.00740.x

 Moll, K., Hasko, S., Groth, K., Bartling, J., and Schulte-Körne, G. (2016). Letter-sound processing deficits in children with developmental dyslexia: an ERP study. Clin. Neurophysiol. 127, 1989–2000. doi: 10.1016/j.clinph.2016.01.005

 Monastra, V. J., Lynn, S., Linden, M., Lubar, J. F., Gruzelier, J., and LaVaque, T. J. (2005). Electroencephalographic biofeedback in the treatment of attention-deficit/hyperactivity disorder. Appl. Psychophysiol. Biofeedback 30, 95–114. doi: 10.1007/s10484-005-4305-x

 Mwangi, B., Tian, T. S., and Soares, J. C. (2014). A review of feature reduction techniques in neuroimaging. Neuroinformatics 12, 229–244. doi: 10.1007/s12021-013-9204-3

 Nakas, C. T., and Yiannoutsos, C. T. (2004). Ordered multiple-class ROC analysis with continuous measurements. Stat. Med. 23, 3437–3449. doi: 10.1002/sim.1917

 Niedermeyer, E., Schomer, D. L., and Lopes da Silva, F. H. (2010). Niedermeyer's Electroencephalography : Basic Principles, Clinical Applications, and Related Fields. Philadelphia, PA: Wolters Kluwer Health; Lippincott Williams & Wilkins.

 Obuchowski, N. A. (2005). Estimating and comparing diagnostic tests' accuracy when the gold standard is not binary. Acad. Radiol. 12, 1198–1204. doi: 10.1016/j.acra.2005.05.013

 Obuchowski, N. A. (2006). An ROC-type measure of diagnostic accuracy when the gold standard is continuous-scale. Stat. Med. 25, 481–493. doi: 10.1002/sim.2228

 Obuchowski, N. A., Goske, M. J., and Applegate, K. E. (2001). Assessing physicians' accuracy in diagnosing paediatric patients with acute abdominal pain: measuring accuracy for multiple diseases. Stat. Med. 20, 3261–3278. doi: 10.1002/sim.944

 Pascual-Marqui, R. D., Valdes-Sosa, P. A., and Alvarez-Amador, A. (1988). A parametric model for multichannel EEG spectra. Int. J. Neurosci. 40, 89–99.

 Pencina, M. J., D'Agostino, R. B., D'Agostino, R. B., and Vasan, R. S. (2008). Evaluating the added predictive ability of a new marker: from area under the ROC curve to reclassification and beyond. Stat. Med. 27, 157–172. doi: 10.1002/sim.2929

 Petersen, S. E., and Posner, M. I. (2012). The attention system of the human brain: 20 years after. Ann. Rev. Neurosci. 35, 73–89. doi: 10.1146/annurev-neuro-062111-150525

 Pineda, J. A. (2005). The functional significance of mu rhythms: Translating “seeing” and “hearing” into “doing.” Brain Res. Rev. 50, 57–68. doi: 10.1016/j.brainresrev.2005.04.005

 Riviello, J. J., Nordli, D. R., and Niedermeyer, E. (2011). “Normal, EEG., and sleep: infants to adolescents,” in Electroencephalography: Basic Principles, Clinical Applications and Related Fields, ed E. Niedermeyer Philadelphia, PA: Lippincott; Williams and Wilkins, 163–182.

 Roca-Stappung, M., Fernández, T., Bosch-Bayard, J., Harmony, T., and Ricardo-Garcell, J. (2017). Electroencephalographic characterization of subgroups of children with learning disorders. PLoS ONE 12:e0179556. doi: 10.1371/journal.pone.0179556

 Sheehan, D. V., Sheehan, K. H., Shytle, R. D., Janavs, J., Bannon, Y., Rogers, J. E., et al. (2010). Reliability and validity of the Mini International Neuropsychiatric Interview for Children and Adolescents (MINI-KID). J. Clin. Psychiatry 71, 313–326. doi: 10.4088/JCP.09m05305whi

 Silva-Pereyra, J., Fernández, T., Harmony, T., Bernal, J., Galán, L., Díaz-Comas, L., et al. (2001). Delayed P300 during Sternberg and color discrimination tasks in poor readers. Int. J. Psychophysiol. 40, 17–32. doi: 10.1016/S0167-8760(00)00123-9

 Stephan, K. E., Schlagenhauf, F., Huysa, Q. J. M., Ramana, S., Aponte, E. A., Brodersen, K. H., et al. (2017). Computational neuroimaging strategies for single patient predictions. Neuroimage 145, 180–199. doi: 10.1016/j.neuroimage.2016.06.038

 Steriade, M., and Timofeev, I. (2003). Neuronal plasticity in thalamocortical networks during sleep and waking oscillations. Neuron 37, 563–576. doi: 10.1016/S0896-6273(03)00065-5

 Sterman, M. B., and Egner, T. (2006). Foundation and practice of neurofeedback for the treatment of epilepsy. Appl. Psychophysiol. Biofeedback 31, 21–35. doi: 10.1007/s10484-006-9002-x

 Swanson, H. (1987). Information processing theory and learning disabilities: a commentary and future perspective. J. Learn. Disabil. 20, 155–166. doi: 10.1177/002221948702000303

 Swanson, H. L. (2012). Cognitive profile of adolescents with math disabilities: are the profiles different from those with reading disabilities? Child Neuropsychol. 18, 125–143. doi: 10.1080/09297049.2011.589377

 Swanson, H. L., and Siegel, L. (2001). Learning disabilities as a working memory deficit. Issues Educ. Contrib. Educ. Psychol. 7, 1–48.

 Swanson, H. L., and Stomel, D. (2012). “Learning disabilities and memory,” in Learning about Learning Disabilities, eds B. Wong and D. Butler (Academic Press), 27–57.

 Szava, S., Valdes, P., Biscay, R., Galan, L., Bosch, J., Clark, I., et al. (1993). High resolution quantitative EEG analysis. Brain Topogr. 6, 211–219. doi: 10.1007/BF01187711

 Tang, J., Alelyani, S., and Liu, H. (2014). Feature Selection for Classification: A Review in Data Classification: Algorithms and Applications. San Diego, CA: CRC Press.

 Valdes-Sosa, P., Biscay-Lirio, R., Galán-García, L., Bosch-Bayard, J., Szava, S., and Virues-Alba, T. (1990). High resolution spectral EEG norms for topography brain Topography 3, 281–282.

 Varoquaux, G., Raamana, P. R., Engemann, D. A., Hoyos-Idrobo, A., Schwartz, Y., and Thirion, B. (2017). Assessing and tuning brain decoders: cross-validation, caveats, and guidelines. Neuroimage 145, 166–179. doi: 10.1016/j.neuroimage.2016.10.038

 Wechsler, D. (2007). Escala Wechsler de Inteligencia Para ni-os. México: El Manual Moderno.

 Wehrens, R., Franceschi, P., Vrhovsek, U., and Mattivi, F. (2011). Stability-based biomarker selection. Anal. Chim. Acta 705, 15–23. doi: 10.1016/j.aca.2011.01.039

 Weiss, S. M., and Indurkhya, N. (1998). Predictive Data Mining : A Practical Guide. Burlington, CA: Morgan Kaufmann Publishers.

 Youden, W. J. (1950). Index for rating diagnostic tests. Cancer 3, 32–35. doi: 10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3

 Žarić, G., Correia, J. M., Fraga González, G., Tijms, J., van der Molen, M. W., Blomert, L., et al. (2017). Altered patterns of directed connectivity within the reading network of dyslexic children and their relation to reading dysfluency. Dev. Cogn. Neurosci., 23, 1–13. doi: 10.1016/j.dcn.2016.11.003

 Žarić, G., Fraga González, G., Tijms, J., van der Molen, M. W., Blomert, L., and Bonte, M. (2014). Reduced neural integration of letters and speech sounds in dyslexic children scales with individual differences in reading fluency. PLoS ONE 9:e110337. doi: 10.1371/journal.pone.0110337

 Zou, H., and Hastie, T. (2005). Regularization and variable selection via the elastic net. J. R. Stat. Soc. Ser. B Stat. Methodol. 67, 301–320. doi: 10.1111/j.1467-9868.2005.00503.x

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Bosch-Bayard, Galán-García, Fernandez, Lirio, Bringas-Vega, Roca-Stappung, Ricardo-Garcell, Harmony and Valdes-Sosa. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/math_1.gif
—
T B3 SRR ) T e) I






OPS/images/inline_3.gif
argmaz, J(£)





OPS/images/math_3.gif
Se(t)= Py (T > )





OPS/images/math_2.gif
L
Py ()= (1= y) 3llel} +vlel, @





OPS/images/inline_2.gif
B
Il





OPS/images/inline_1.gif





OPS/images/cover.jpg
' frontiers
in Neuroscience

Stable Sparse Classifiers Identify
qEEG Signatures that Predict
Learning Disabilities (NOS) Severity









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Neuroscience





OPS/images/fnins-11-00749-t001.jpg
Lead  Frequency
C4 0.39
6 039
T4 117
P4 352
P4 391
P3 5.08
8 508
Fpt 508
Fp2 547
Fpl 5.47
Fp2 586
Fz 664
c3 781
76 859
6 10.16
c3 10.94
P3 14.06
P3 15.23
F3 15.63
o1 18.36

Percent

865
58.89
59.46

5955
61.4

69.6
575
54.3
586
675
56.5
698

608
545
66.44
53.7

6.7
623
57
52

Coeffcients ¢

012
012
0.07

-0.18
-03

023
0.16
0.06
0.03
0.06
0.03
0.16

-0.11
-0.11
-0.04
-0.16

021
034
-0.25
027

Broad Band

Delta

Low Theta

High Theta

Apha

Beta

Columns 1.and 2 contain the Lead name and the selected frequency; Column 3 contains
the percent of times that the variable was identiied as a biomarker In Column 4 the Beta
coefficients for each variable in the classification equation.





OPS/images/fnins-11-00749-t002.jpg
Group  EEG findings Cogitive findings

Group 1 Highest Low-Thetain P4 Highest scores in Reading (Accuracy,
Highest Alpha in C3 Gomprehension, and Speed); Writing
Highest Betain F3, P8 Accuracy and Arithmetic Galcuiation and
Numeric Management.
Significantly best in Reading and Witing
Accuracy.
Group 2 Highest Aiphain T6 Highest scores in Writing Narrative
Composition; and Avrithmetic Counting.
Significantly best in Writing Narrative
Composition.
Group 3 Highest Deltaiin C4.and T6 Poorest scores in all areas, especially in
Highest High-Thetain Fp1,  Arithmetic (Calculation and Numeric
Fp2, Fz, P3, and P8 Management); Writing Narrative
Highest Betain P3,01  Composition; and Reading Accuracy.





OPS/images/fnins-11-00749-g003.gif
ROG for ciasaficaon by GLUNt

fol meron

§uf| mcomre-om

Eoll awozmeesos
oo | socsmas






OPS/images/fnins-11-00749-g004.gif





OPS/images/fnins-11-00749-t005.jpg
(sm)

017 0.41 0.79





OPS/images/fnins-11-00749-t003.jpg
Auc
Group 1vs. Group2 Group 1vs. Group3  Group 2vs. Group 3 Global

o7 091 075 0.89





OPS/images/fnins-11-00749-t004.jpg
Group N n

D= (Group1) 24 277
DO (Group2) 2 319
D+ (Groupd) 3 368

Raw Data Summary

032
038
033





OPS/images/fnins-11-00749-g001.gif
Biomarkers Selection

Biomarkers Stability ROC based

Ceih

]
5

) Rondonty select 70% of hevaiabes
i 70% o the sbjcts (S )

T o o e
o 0t the subics (RS V.

1

20 “indfar sreeing o hmnatonof

1

) Gy subsangie 3 e
ROC Reti he AUC o 10%, 20%

antis i negighle onnbuton and 1005 o150
T
T ey e thed "o
(G 10061 virt
rs
) et e dostrs e

No

5 et o coin iected o
han S0 ofthe s thy ere
ried, rese afaton cauaton

8 Cokte th dbutionof B0C 1

10%, 20% 404 100 f 17

T

51 Tok e vt 3 50% of e FOC
iton s h bl esimatorof

e Roc ves

Wox= 1000






OPS/images/fnins-11-00749-g002.gif





OPS/images/math_5.gif
Sp(t-) =P_(T =), Specificity
Se(ty) = Py (T 2 1)) Sensitvity
Sm(t_,ty) = Po(t_ < T < t,), correct D"






OPS/images/math_4.gif





OPS/images/math_6.gif
J(tsts) = 5 [Sp () + Sm_yt) +Set) — 1] (3)





