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ABSTRACT

KEYWORDS

Multiscale entropy analysis (MSE) is a novel entropy-based approach for measuring dynamical
complexity in physiological systems over a range of temporal scales. MSE has been successfully
applied in the literature when measuring autism traits, Alzheimer’s, and schizophrenia. However,
until now, there has been no research on MSE applied to children with dyslexia. In this study, we
have applied MSE analysis to the EEG data of an experimental group consisting of children with
dyslexia as well as a control group consisting of typically developing children and compared the
results. The experimental group comprised 16 participants with dyslexia who visited Ankara
University Medical Faculty Child Neurology Department, and the control group comprised 20 agematched typically developing children with no reading or writing problems. MSE was calculated
for one continuous 60-s epoch for each experimental and control group’s EEG session data. The
experimental group showed significantly lower complexity at the lowest temporal scale and the
medium temporal scales than the typically developing group. Moreover, the experimental group
received 60 neurofeedback and multi-sensory learning sessions, each lasting 30 min, with Auto
Train Brain. Post-treatment, the experimental group’s lower complexity increased to the typically
developing group’s levels at lower and medium temporal scales in all channels.

Auto Train Brain; dyslexia;
MSE; neurofeedback

Introduction
Dyslexia is a specific learning disability with neurological
roots and is prevalent in 5 to 10% of children worldwide
(Centanni, 2020). It can be described as difficulties with
accurate and fluent word recognition and by poor spelling
abilities, owing to a deficit in the phonological component
of language. Other consequences include problems in reading comprehension and reduced reading experience that can
affect the growth of vocabulary and knowledge (Lyon et al.,
2003). Studies reveal multiple structural and functional disconnections with possible reduction or increase in white
matter integrity and under-connectivity or hyper-connectivity between cerebral regions (Tallet & Wilson, 2020).
The neocortex also called the neopallium and isocortex is
the part of the human brain involved in higher-order brain
functions such as sensory perception, cognition, the generation of motor commands, spatial reasoning, and language
(Rakic, 2009). The lateralization of brain function is the tendency for some neural functions or cognitive processes to be
specialized to one side of the brain or the other. A cortical
minicolumn is a vertical column through the cortical layers
of the brain in which neurons receive common inputs, have
common outputs, are interconnected, and may well
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constitute a fundamental computational unit of the cerebral
cortex. Neocortex formation termed neocorticalization, brain
parcellation, lateralization, and gyrification are affected by
the addition of supernumerary minicolumns within the neocortex (Casanova & Christopher, 2008). Because these minicolumns are widespread and high in numbers, abnormalities
in their basic ontogenetic pattern, referred to as minicolumnopathies, provide incredibly significant alterations in the
functioning of the brain; these minicolumnopathies change
brain volume, gray-over-white matter ratio and gyrification
(Casanova et al., 2002). In dyslexia, a minicolumnopathy
may be present (Casanova et al., 2002) as functional magnetic resonance imaging (fMRI) studies suggest that people
with dyslexia have reduced brain volume, decreased gyrification and abnormal lateralization (Casanova et al., 2010).
Further, the white matter depth of people with dyslexia is
more extensive than usual owing to lower levels of cortex
folding (Casanova et al., 2010).
Moreover, an important consideration is that the gyral
window relates to altered corticocortical connectivity
(Casanova et al., 2010). People with dyslexia have a larger
gyral window (Casanova et al., 2010); this may remove the
space constraint for longer corticocortical fibers, which
themselves are more significant in width (Casanova et al.,
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2010). This specific spatial disposition within the brains of
people with dyslexia results in more extended connectivity
at the expense of shorter fibers (Casanova et al., 2010). It
also leads to the increased size of the corpus callosum in
dyslexia (Williams et al., 2018), despite the possession of
smaller-than-average brain size (Casanova et al., 2010).
However, the overall increase in these longer fibers comes at
the expense of faulty, short connections (Yang et al., 2020).
Hence, any brain training system targeted at people with
dyslexia should aim to improve these short connections to
reduce their symptoms.
Development of a reading system
Regardless of the above-mentioned underlying structures,
the brain has its means of organizing itself after birth
according to environmental demands. One very common
environmental demand within human societies is said to be
reading, which is a culturally developed process throughout
life (Wise et al., 2007). Further, changes in reading patterns
are the result of the remodeling of corticocortical connections throughout the first few years of life (Casanova et al.,
2010). Minicolumns can compensate for “weak linkages”
within canonical circuits, which facilitate the emergence of
novel cortical functions and thus enable the cortex to adapt
to environmental demands without changing its intracortical
circuits in the first few years of life (Casanova &
Christopher, 2008). This ability also explains how the brain
adapts its circuits, initially established for vision and language, to create a reading system (Wise et al., 2007); as new
connections are acquired, the conjoint activation of neurons
triggers the formation of new circuits (Casanova et al.,
2010). Then, with brain maturation, bi-hemispheric activation within children is replaced with the activation of more
efficient speech, auditory, and visual systems within the left
hemisphere (Williams et al., 2018).
However, the development of such a shift from the bihemispheric activation system toward a reading dominance
provided by the left hemisphere of the brain generally does
not occur in people with dyslexia. Current studies illustrated
that this specific group may have a deficit in their intrahemispheric “short” corticocortical connectivity targeting the
left angular gyrus (Williams et al., 2018); and these changes
in connectivity affect the reading brain circuit (Williams
et al., 2018). As a result, a less efficient reading circuit manifests itself as weaker phonologic processing or awareness.
Hence, any brain training system targeted at people with
dyslexia should aim to increase the efficiency of the reading
circuits by improving short-distance connections in the
left hemisphere.
Multiscale entropy analysis
There is a growing literature on the use of nonlinear electroencephalogram (EEG) analyses in brain disorders
(Takahashi et al., 2010). The aforementioned aberrant neural
connectivity might be reflected as abnormal complexity
behavior that may appear in EEG signals (Takahashi et al.,

2010). Complexity analysis is a method utilized to provide a
nonlinear estimation of the brain dynamic activity
(Takahashi et al., 2010). Among complexity analysis methods, entropy-based algorithms are robust estimators of EEG
regularity or predictability (Takahashi et al., 2010).
Entropy is the degree of disorder or randomness in a system. It quantifies the uncertainty in the EEG, which is
equivalent to its predictability. The activity of neural networks is described as nonlinear dynamic processes regulated
by feedback loops within, and across, multiple neuronal
populations (Takahashi et al., 2010). In statistics, an
approximate entropy (ApEn) is a technique used to quantify
the amount of regularity and the unpredictability of fluctuations over time series data. Sample entropy (SampEn) is a
refinement of the approximate entropy method and is
defined as the logarithmic conditional probability that two
similar time series of length m remain similar when one
sample is appended to their series. It has been introduced
by four previous studies (Lake et al., 2002; Pincus, 2001;
Richman & Moorman, 2000), and both methods have been
widely used for the analysis of physiologic datasets.
Nevertheless, these entropy measures quantify only the regularity (predictability) of time series on a single scale
(Takahashi et al., 2010).
Recently, Costa et al. (2005) introduced the multiscale
entropy (MSE) method, which is an extension of SampEn
targeting multiple time scales. MSE method quantifies the
degree of complexity in a time series at multiple temporal
scales using a coarse-graining procedure (Costa et al., 2005).
Interactions owing to both local dense and sparse long-range
interconnectivity have been shown to start the outputs of
neuronal networks; the resulting EEG dynamics from such
outputs were found to operate at multiple scales (Takahashi
et al., 2010). In that context, SampEn measures the signal
irregularity with the advantage of being less dependent on
time series length, so it is more robust than other entropy
measures regarding entropy estimation parameters.
Performing such operations on multiple coarse-grained time
series produces MSE measure.
In schizophrenia, reduced connectivity has been noted to
increase the EEG complexity (Takahashi et al., 2010). New
studies proposed that schizophrenia is a “disconnection syndrome” (Van Elst, 2019). This refers to the number of
neurological symptoms caused by damage to the white matter axons of the communication pathways in the cerebrum,
independent of any lesions to the cortex. MSE analysis has
been used to investigate the effects of antipsychotics in
schizophrenia (Takahashi et al., 2010), and high complexity
has been measured in higher temporal scales. However, disconnection syndrome in schizophrenia is different from that
in dyslexia. Dyslexia is a dysfunction of a left hemisphere
reading network, which includes occipitotemporal (OT),
inferior frontal, and inferior parietal regions (Richlan, 2012);
whereas in schizophrenia, it is interhemispheric (Peled
et al., 2001).
Catarino et al. (2011) have demonstrated that autism also
has aberrant neuronal connectivity, which can be either of
high or low complexity (Ghanbari et al., 2015; Kulisek et al.,
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16 children with dyslexia (Mage ¼ 8.56, SD ¼ 1.36) and 20
typically developing (TD) healthy children (Mage ¼ 8.55,
SD ¼ 1.45) voluntarily participated in this study (Table 1).
The participants were recruited with advertisements randomly. The child neurologist physically examined the participants and approved their participation in the experiment.
The experimental group met DSM-V criteria for dyslexia, as
assessed by psychologists and psychiatrists beforehand. The
experimental group consisted of randomly picked, 7 to 10year-old children with dyslexia, who were patients seen in
Ankara University the Faculty of Medicine. In the experimental group, there were comorbid situations such as EEG
anomalies, cerebral palsy, attention deficit hyperactivity disorder, and giftedness. The socio-economic situation of the
experimental group was low to the middle class; they were
residents of Ankara. The socio-economic situation was
measured with a survey filled out by the parents of the

Subjects

Participants

Subject1
Subject2
Subject3

Methods & materials

Special
education

 The complexity of EEG signals across multiple time
scales in children with dyslexia is lower than that of typically developing children.
 Neurofeedback and multi-sensory learning improve the
complexity of EEG signals across multiple time scales in
children with dyslexia.

Table 1. Demographic features of the experimental group, comparison of the TILLS test results, complexity and reading speed, pre- and post- treatment.

2008). Further to this, Mizuno et al. (2010) applied MSE
methodology among patients with the Alzheimer’s disease
and showed that, although the entropy values were similar
for lower temporal scales among the Alzheimer’s and
healthy control groups, they are higher at higher temporal
scales in the Alzheimer’s group compared to the healthy
control group. Hence, MSE estimations demonstrated the
underlying pathology: a higher complexity at higher temporal scales in MSE measures indicates that there is a
greater number of slow signals (theta and delta), which is
the marker for neurodegeneration, such as the one present
in Alzheimer’s disease or a disconnection syndrome as in
schizophrenia (Takahashi et al., 2010). In that regard,
although Andreadis et al. (2009) compared the approximate
entropy of people with dyslexia with that of typically developing (TD) norm group, no study has investigated temporal
complexity across multiple time scales among people with
dyslexia and compared that with the TD norm group.
We aimed to investigate possible disturbances in the
complexity of EEG signals across multiple time scales in
people with dyslexia and the possible positive effects of special neurofeedback and multi-sensory learning treatment,
namely Auto Train Brain. To this end, we investigated a
specific activity, referred to as the resting state “eyes closed”
EEG, using MSE in children with dyslexia during pre- and
post-treatment with Auto Train Brain. We then compared
the results of the experimental group with those of typically
developing (TD) children of the age-matched group. The
hypotheses of the current study are as follows:

Complexity_
normalized,
post-
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children. The survey includes questions about education
level, income, occupation, and residence.
The control group (TD norm group) consisted of randomly chosen age-matched healthy children who did not
have any known diseases and did not have any reading or
writing problems. The control group had no personal or
family history of psychiatric or neurological diseases. The
control group resided in Izmir; the socio-economic situation
of the control group was low to the middle class. None of
the participants had been treated with neuroleptics before
their first EEG.
As Auto Train Brain training system will be available and
be used for all types of dyslexia at home without any provision, we have not set any inclusion/exclusion criteria except
being officially diagnosed with dyslexia for the experimental group.
Electroencephalography (EEG) recording
Raw EEG data of both the experimental group and the control group were measured with EMOTIV EPOC þ headset
and EMOTIV PRO software. The EMOTIV EPOC þ headset
is designed for scalable and contextual human brain research
and provides access to professional-grade brain data with a
quick and easy to use design. The internal sampling rate in
the headset was 2048 samples per second per channel. The
EEG data were filtered to remove main artifacts and alias
frequencies, then down-sampled to 128 samples per second
per channel. There were 14 EEG channels (AF3, F3, F7,
FC5, T7, P7, O1, O2, P8, T8, FC6, F8, F4, AF4) plus two
references. Electrodes were placed according to the 10–20
system. The calibration of the EMOTIV EPOC þ headset on
the subjects’ scalps was performed with EMOTIV PRO
application; each electrode was made sure to transfer EEG
data with high quality and EEG data was recorded for
2 min. The EEG data were split into theta (4–8 Hz), alpha
(8–12 Hz), beta-1 (12–16 Hz), beta-2 (16–25 Hz), and gamma
(25–45 Hz) bands for power band analysis.
Neurofeedback treatment protocol and multi-sensory
learning method
Auto Train Brain is a mobile application that uses neurofeedback and multi-sensory learning principles (Eroglu,
Aydın, et al., 2018; Eroglu, Çetin, et al., 2018; Eroglu, Ekici,
et al., 2018). It is used with the EMOTIV EPOC þ headset.
It is a noninvasive solution, offers continuous brain performance improvement for both adults and children without any side-effects. It reads QEEG from 14 channels,
processes these signals, and provides real-time visual and
auditory, online neurofeedback. Auto Train Brain is a
patented software (patent number: PCT/TR2017/050572)
specifically designed for people with dyslexia. Within this
software application, a system and method for improving
reading ability and cognitive functions is proposed. The
system relies on a distinctive protocol of multi-sensory
learning and EEG neurofeedback. The EEG neurofeedback
protocol is explained below:

 Reduce theta waves at Broca area in the brain if above
the threshold;
 Reduce theta waves at Wernicke area in the brain if
above the threshold;
 Find the channels with the maximum absolute power of
theta waves at the left hemisphere and reduce absolute
theta for those channels; and
 Find the channels with the maximum absolute power of
theta waves at the right hemisphere and reduce absolute
theta for those channels.
A positive reward is a green arrow on the screen, negative feedback is a red arrow and a “beep” sound. With a
positive reward, the score displayed on the screen is
increased. If the slow brain waves of the subject are above
the norm threshold, a red arrow is presented on the screen
and the subject is asked to try to turn it to a green arrow.
After the neurofeedback session, a phoneme-grapheme
matching alphabet teaching system is presented. One of the
significant differences between the currently available neurofeedback systems and the Auto Train Brain is that it combines neurofeedback with multi-sensory learning principles.
The test of integrated language & literacy skills (TILLS)
The TILLS is a test for assessment of oral and written language
abilities in students 6–18 years of age. Published in 2016
(Nelson et al., 2016), it is unique in the way that it is aimed to
thoroughly assess skills such as reading fluency, reading comprehension, phonological awareness, spelling, as well as writing
in school-age children. The test was originally developed in
English. Turkish Dyslexia Association has translated and
adapted it to Turkish. This test has been used for diagnosing
learning disabilities. For 6 to 7-years-old children, a TILLS
descriptive score of less than 24 indicates learning disability
with 84% sensitivity and 84% specificity. For 8 to 11-years-old
children, a TILLS descriptive score of less than 34 indicates
learning disability with 88% sensitivity and 85% specificity.
The TILLS test has 2 dimensions (language and modality).
For listening modality, it has (1) Vocabulary Awareness, (2)
Phonemic Awareness, (6) Listening comprehension, (8)
Following Directions; for speaking modality, it has (4)
Nonword repetition, (3) Story Retelling, (13) Social communication; for reading modality, it has (10) Nonword reading, (11)
Reading fluency, (7) Reading Comprehension; for writing
modality, it has (5) Nonword spelling, (12a) Written expressions- Word score, (12 b) Written expression -Discourse score,
(12c) Written Expression – Sentence Combining Score; for
Memory, (14) Digit Span forward, (15) Digit Span Backward,
(9) Delayed Story Retelling subtests. The TILLS descriptive
point is the sum of all subtests’ scores, which was used in the
statistical analysis of this study.
Reading speed
The reading speed of the children was measured by recording the number of words per minute when they read different pages from an age-matched children’s book. In normal
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children, Words Correct Per Minute increases from an average of 51 words per minute at the beginning of second
grade to 71 words per minute at the beginning of third
grade (Hasbrouck & Tindal, 2005). Lower reading speed
compared with the age-matched norm group may be a sign
of learning disability.
Study design, behavioral assessments, and
training sessions
The experimental group with their parents commuted to
Ankara University the Faculty of Medicine 3 times a week.
A special room was reserved for the duration of the experiment. In the first interview, all participants filled out questionnaires, and a psychologist applied the 1.5-h TILLS test
to the subjects. Before the first session, the EEG of the subjects was recorded with EMOTIV PRO software for 2 min
during an eyes-closed resting state. The reading speed of the
dyslexic children was measured. The subjects were asked to
read an age-appropriate book for 1 min and their voices
were recorded.
The participants came to the sessions with their
parents, while the parents were waiting in the waiting
room, only the participant was taken to the room. The
psychologist helped the participant to wear the EMOTIV
EPOC þ headset and started the Auto Train Brain application on a mobile phone. During the training, each
participant sat in a chair and the electrodes were placed
on the scalp according to the International 10–20 system. There were 0.5 m between the participant and the
mobile phone screen. The psychologist just stayed with
the participant to make sure he/she was using the
mobile app correctly, but no guidance or encouragement
was provided. There was no one else in the room and
the door of the room was closed. There was a distance
of 1 m between the psychologist and the participant.
The participants were able to complete the task with
good concentration. The psychologist in the room was
neutral to the participant, not friendly or empathetic. In
the first session, the participant was instructed to focus
on the arrow he saw on the application screen and, if
he/she saw a red arrow, he/she was asked to try to turn
it to green with brainpower. No additional information
about the experimental procedure was provided to the
participant.
Before the 10th session, the child neurologist examined
the children and checked for any side effects. All participants were given 60 sessions of neurofeedback training during 12 consecutive weeks, 3 times a week, irrespective of the
phenomenology, severity, or subtype of dyslexia. A standard
neurofeedback protocol for reducing slow brain waves was
applied to the experimental group for 10 min in the left
brain and 10 min in the right brain. After neurofeedback,
the participants received 10-min multi-sensory learning of
the alphabet with Auto Train Brain. The participants who
completed the 60th session were told that the experiment
was completed. An appointment was made for the 2nd
TILLS test exactly 6 months after the first TILLS test. At the
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end of the 6th month, the TILLS test was performed again.
A 1-min reading test was applied and the voice of the participant was recorded. The eyes closed resting-state EEG was
taken for 2 min.
Since the children in the control group were healthy, the
TILLS test which measures the learning disability was not
performed, reading speed was not measured and only one
EEG measurement (eyes closed resting-state for 2 min) was
taken within the framework of our Ethics Committee
approval. EEG changes in healthy children over time was
not observed in our experiment. However, multiscale
entropy changes by age for healthy children was investigated
in Polizzotto et al. (2015). In that study, subjects were
binned in demographics matched bins in increments of
3 years (8–10, 11–13, 14–16, 17–19, 20–22 years). MSE of 8
to 10-years-old group differs from that of 11 to 13-years–old
group mostly in lower temporal scales. For a 6-month
period, multiscale entropy changes for healthy children who
are 8 to 10-years-old is 0.02 at SF1 (lower temporal scales).
Raw EEG data processing and multiscale entropy
calculations
At the start and the end of the full training period, we
measured eyes closed resting-state raw EEG data for 2 min
with the EMOTIV PRO software. Eyes closed resting-state
gives the necessary information about the brain’s developmental issues for dyslexia (Papagiannopoulou & Lagopoulos,
2016). The collected raw EEG data from 14 channels were
processed using Matlab and EEGLAB (Delorme & Makeig,
2004). The raw data were filtered using a finite impulse
response (FIR) bandpass filter (1–50Hz). The artifacts were
manually removed by using EEGLAB’s data rejection
options. Furthermore, the independent component analysis
was performed. The MSE was calculated for one continuous
60-s epoch for each of the experimental and control group
EEG data. The number of samples (n) was set to
n ¼ 128  60 ¼ 7680. SampEn parameters were set to m ¼ 2,
r ¼ 0.25  standard deviation of the EEG signal, which was
shown to be effective in (Takahashi et al., 2010). As in this
study, we have created 40 temporal scales to analyze complexity.
Irregularity at each scale was measured by SampEn, a
correlation entropy version of Kolmogorov Sinai entropy,
which was well suited for analyzing short and noisy experimental data (Costa et al., 2005). SampEn is defined as the
negative of the logarithmic conditional probability that two
sequences of m consecutive data points, that are similar to
each other (within given tolerance r), will remain similar at
the next point (m þ 1) in the dataset (n), where n is the
length of the time series. Considering the EEG time series
(x1, x1, … xn) as observations of a stochastic variable x, the
dynamic SampEn was defined as:
hsamp ðr, m, nÞ ¼ log e ½Cmþ1 ðrÞ=Cm ðrÞ

(1)

Where Cm(r) ¼ [number of pairs (i, j) with jxmi
xmj j
< r, i 6¼ j]/[number of all probable pairs, that is,
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(n m þ 1)(n
m)]. Therein, xm is a vector of the m samxmj j denotes
ple time series of (n
m) length, and jxmi
m
m
the distance between points x i and x j in the space of
dimension m, and r is the effective filter for measuring the
consistency of the time series. In the analysis, we first
embedded the time series into an m dimensional space in
the form of a vector:

Then, the SampEn was calculated for each series y(s). For
the coarse-grained time series at SF, s ¼ 1, the time series
y(1) was identical to the original time series; SampEn values
for low SFs captured short-range temporal irregularity, while
high SFs captured long-range temporal irregularity. Various
theoretical and clinical applications have shown that m ¼ 1
or 2, and r ¼ 0.1–0.25 of the standard deviation of the data
points provide good statistical validity for SampEn (Mizuno
et al., 2010; Takahashi et al., 2010).

SF (40 scales) as within-subject factors were used to assess
the effect of Auto Train Brain training. By comparing the
data from Session 1 of the experimental group and the
TD norm group, we aimed to find the differences within
the experimental group before treatment; by comparing
the data from Session 60 and Session 1 of the experimental group, we aimed to find the treatment effects within
the experimental group; and by comparing the data from
Session 60 of the experimental group and the TD norm
group, we aimed to find the differences within the experimental group after treatment.
We have checked the normality of data for reading speed
(skewness ¼ 1.167, kurtosis ¼ 1.351) and the TILLS test
results (skewness ¼ 0.439, kurtosis ¼ 0.399). Based on
these findings, we have not assumed normal distribution.
Reading speed (pre- and post-) and the TILLS test results
(pre- and post-) in the experimental group were analyzed
with a Wilcoxon Signed-Ranks Test, which is a non-parametric test and does not assume a normal distribution.
We performed band power analysis as a comparative and
more conventional EEG analysis for the experimental group.
The open eye resting-state within a 2-min frequency band
data was recorded with Auto Train Brain before and after
treatment. Repeated measures analysis of variance, with
treatment (dyslexia: pretreatment vs. post-treatment) and
the frequency band data both in absolute powers and relative powers as within-subject factors were used to assess the
effect of Auto Train Brain training. For statistical analysis,
the relative band power at each band was calculated: the
power in each frequency was divided by the total power
across all frequency bands.
Lastly, associations between changes in the TILLS test
results, changes in the number of words read per minute,
and changes in complexity were explored using correlation analysis.

Statistical analysis

Results

For the experimental group, multiscale entropy of the raw
EEG data (14 channels, pre- and post-), the overall TILLS
test descriptive points (pre- and post-), reading speed (preand post-), and band power values (pre- and post-) were
calculated and compared.
For the control group, multiscale entropy of the raw EEG
data (14 channels, one time only) was calculated.
Statistical analyses were carried out using SPSS v.22.
SampEn values at each temporal scale factor were found to
have a skewed distribution and were, therefore, log-transformed to approximate a normal distribution. The alpha significance level was set to 0.05 to balance the potential for
type I and type II errors. Greenhouse-Geisser adjustment
was applied to the degrees of freedom for all analyses.
For MSE analyses, independent t-tests were conducted
to assess the significant main effect for group and groupby-SF-interaction between the TD norm group and the
experimental group (i.e., pre- and post-treatment).
Additionally, repeated measures analysis of variance, with
treatment (dyslexia: pretreatment vs. post-treatment) and

Comparison of MSE between the experimental and the
TD norm group

xim ¼ ½xi , xi þ 1 , :::, xi þ m 1 

(2)

Next, we counted the points that stayed around xmi
within distance r. We then summed up all counts to produce the numerator of Cm(r), a correlational measure by
definition. loge[Cm(r)] is the information content, and the
difference in information content for vectors of length m
and m þ 1:


hsamp ðr, m, nÞ ¼
log e ½Cm ðrÞ
ð log e ½Cmþ1 ðrÞÞ
(3)
Which defines the rate of information content loss, or,
alternatively, a measure of entropy production rate. For the
extension to multiple time scales, the original EEG time series (x1,x1, … xn) was coarse-grained by a scale factor (SF) s,
with non-overlapping windows, as follows:
Xjs
ðsÞ
x , 1  j  n=s
(4)
yj ¼ ð1=sÞ
i ¼ ðj 1Þs þ 1 i

MSE at SF1 of the TD norm group ranged from 0.48 to 1.79
(M ¼ 1.51, SD ¼ 0.33). The near-horizontal curve from SF1
to SF40 indicated that this group had more slow waves than
fast waves as expected in TD children. In the experimental
group, MSE at SF1 ranged from 1.04 to 1.76 (M ¼ 1.41,
SD ¼ 0.22). Before treatment, the experimental group’s mean
complexity was lower than that of the TD norm group,
especially at SF1, t(496.836) ¼ 5.793, p < 0.001, d ¼ 0.47 and
between SF12, t(445.831) ¼ 2.228, p ¼ 0.026, d ¼ 0.22 and
SF36, t(396.752) ¼ 4.962, p < 0.001, d ¼ 0.54 (Figure 1,
Table 2).
Further, the treatment with Auto Train Brain significantly
increased the complexity in all channel locations that
exceeded that of the TD norm group between SF2,
t(539.568) ¼
2.055, p ¼ 0.040, d ¼ 0.20 and SF10,
t(435.575) ¼ 2.889, p ¼ 0.004, d ¼ 0.34. Only the complexity between SF32, t(516.654) ¼ 4.108, p < 0.001, d ¼ 0.30
and SF36, t(519.423) ¼ 2.217, p ¼ 0.027, d ¼ 0.15 remained
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Figure 1. Results and comparison of multiscale entropy (MSE) electroencephalogram analyses of pre- and post-training between the TD norm group (n ¼ 20) and
the experimental group (n ¼ 16). Session 1 refers to pre-training, and session 60 refers to post-training. The norm represents that of the TD norm group.

dissimilar (Figure 1, Table 2). The complexity at lower temporal scales of the experimental group exceeded that of the
TD norm group, and the complexity of the experimental
group became similar at medium to higher temporal scales
to that of the TD norm group after treatment in all channel
locations (Figure 1).
Pre- vs. post-treatment MSE changes in the
experimental group
Applying Auto Train Brain from 14 channels created complexity improvements for the experimental group at all temporal scales except between SF38 and SF40 in all channel
locations namely AF3, F3, F7, FC5, T7, P7, O1, O2, P8, T8,
FC6, F8, F4, AF4 (Table 2, Figure 2). There was a significant
effect of time in the experimental group; for SF1, Wilks’
Lambda ¼ 0.785, F(1, 220) ¼ 60.391, p < 0.001, gp2 ¼ 0.78.
Table 2 summarizes MSE repeated measures analysis of variance results for pre- and post-treatment of the experimental group.
The primary outcome of the experiment was the comparison of MSE between the experimental group and the TD
norm group, and the analysis of MSE changes in the experimental group after neurofeedback and multi-sensory learning. The rest of the results presented below were secondary.
Reading speed, the TILLS test results, band power
changes in the experimental group
A Wilcoxon Signed-Ranks Test indicated that the post-test
scores in reading speed (Mdn ¼ 64) were statistically significantly higher than the pretest scores in reading speed (Mdn
¼ 44), Z ¼ 3.41, p < 0.001, r ¼ 0.85. A Wilcoxon SignedRanks Test indicated that the post-test TILLS scores (Mdn
¼ 23) were not statistically significantly higher than the pretest TILLS scores (Mdn ¼ 18), Z ¼ 1.94, p < 0.052, r ¼ 0.48.
To alleviate the effects of comorbidity in our analysis,
data from the 8 participants without any comorbidity were

analyzed with a Wilcoxon Signed-Ranks test. The test indicated that the post-test reading speed scores of the experimental group without any comorbidity (Mdn ¼ 69) were
statistically significantly higher than the pretest scores of the
same experimental group (Mdn ¼ 47), Z ¼ 2.37, p < 0.018,
r ¼ 0.84. Similarly, a Wilcoxon Signed-Ranks Test indicated
that the post-test TILLS scores of the experimental group
without any comorbidity (Mdn ¼ 23) were statistically significantly higher than the pretest TILLS scores of the same
experimental group (Mdn ¼ 15), Z ¼ 2.25, p < 0.024,
r ¼ 0.80. The effect size in the TILLS test results for pure
dyslexia (r ¼ 0.80) was higher than that for dyslexia with
comorbid situations (r ¼ 0.48).
Absolute band power values were reduced by each neurofeedback session, and the intermediate results were not
included. The short-term neurofeedback effects were temporary; after 60 sessions, there were no statistically significant changes between pre- and post-treatment in either
absolute band power values (theta, alpha, beta1, beta2,
gamma) or relative band power values (relative theta, relative alpha, relative beta1, relative beta2, relative gamma) for
the experimental group. Although it was not found to be
statistically significant, relative gamma values tended to be
reduced at electrode T8 location and increased at electrode
T7 location, positioned over the temporal lobe (Figure 3).
There was no significant correlation between the
improvements in words read per minute and the improvements in complexity. There was no significant correlation
between the improvements in complexity and the improvements in the TILLS test results. These results may be
because data were gathered during different time frames.

Discussion
In this study, we reported the first investigation of dynamic
temporal complexity calculated through MSE from the EEG
of children with dyslexia. The main finding of this study,
MSE of the children with dyslexia had significantly lower
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15
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17
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20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Scale Factor
SF

496.836
491.083
496.980
474.653
485.922
489.817
485.955
479.649
457.436
434.643
436.970
445.831
413.126
430.760
444.988
455.920
435.303
438.452
443.600
455.328
438.518
463.053
482.447
497.337
498.949
496.367
490.920
468.830
440.273
429.044
453.263
411.244
447.728
450.196
446.473
396.752
485.902
437.005
475.718
443.189

df
0.000
0.492
0.694
0.350
0.472
0.750
0.643
0.702
0.381
0.888
0.268
0.026
0.211
0.050
0.027
0.003
0.002
0.006
0.024
0.178
0.211
0.042
0.000
0.004
0.000
0.004
0.000
0.065
0.000
0.000
0.000
0.000
0.000
0.000
0.006
0.000
0.131
0.942
0.517
0.658

Sig. (2-tailed)

Dyslexia Session 1 versus TD norm group

5.793
0.687
0.394
0.935
0.719
0.318
0.464
0.383
0.878
0.141
1.109
2.228
1.253
1.964
2.223
2.976
3.194
2.761
2.259
1.348
1.254
2.034
3.611
2.898
4.560
2.860
4.380
1.848
4.034
4.026
6.241
5.587
3.814
4.091
2.778
4.962
1.515
0.073
0.649
0.443

t
525.855
539.568
564.204
521.024
528.745
493.621
524.367
470.912
483.871
435.575
444.132
425.046
431.734
436.643
420.588
451.834
475.423
443.547
455.056
486.870
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481.358
544.774
560.605
578.481
585.324
585.988
569.292
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573.611
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516.654
542.470
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519.423
576.585
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df
0.472
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0.026
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0.003
0.004
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0.293
0.101
0.621
0.508
0.358
0.826
0.249
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0.240
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0.039
0.397
0.690
0.030
0.346
0.070
0.000
0.001
0.015
0.030
0.027
0.337
0.395
0.330
0.129

Sig. (2-tailed)

Dyslexia Session 60 versus TD norm group
0.720
2.055
2.559
3.075
3.629
3.941
2.237
3.247
2.940
2.889
1.732
1.893
1.980
1.053
1.645
0.494
0.663
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0.220
1.154
0.576
1.177
0.916
0.845
3.579
2.073
0.848
0.399
2.176
0.944
1.813
4.108
3.271
2.438
2.179
2.217
0.961
0.852
0.974
1.519

t

Table 2. Statistical analysis of the experimental group versus TD norm group, the experimental group pre- and post- trainings.

0.785
0.978
0.960
0.945
0.914
0.869
0.901
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0.751
0.829
0.779
0.663
0.693
0.717
0.603
0.681
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0.610
0.756
0.818
0.845
0.914
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0.831
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0.888
0.728
0.918
0.895
0.874
0.727
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0.877
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0.804
0.945
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0.975
1.000

Wilks’ Lambda
60.391
4.945
9.264
12.794
20.689
33.090
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43.007
72.855
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62.321
111.700
97.665
86.895
144.906
103.189
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20811.000
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F
1.000
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1.000
1.000
1.000
1.000
1.000
1.000
1.000
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1.000
1.000
1.000
1.000
1.000
1.000
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1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000

Hypotheses df

Dyslexia Session 1 versus Session 60
Error df
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000
220.000

Sig.
0.000
0.027
0.003
0.000
0.000
0.000
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0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.001
0.000
0.001
0.000
0.000
0.394
0.018
0.843
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Figure 2. Results and comparison of the multiscale entropy analyses of the pre- and post-training between the TD norm group and the experimental group.

complexity over medium to high temporal scales compared
to that of the TD norm group, supported our hypothesis.
Long-distance dynamic temporal complexity is reflected
as high or low complexity at higher temporal scales in MSE.
Lower complexity at higher temporal scales means that there
is less difference between the brain’s two hemispheres. This
situation indicates that children with dyslexia use both
hemispheres equally, whereas, in the TD norm group, the
left-brain dominance was already established.
The complexity at lower temporal scales in MSE was heterogeneous for the experimental group. Some participants in
the experimental group had less complexity at lower temporal scales than that of the TD norm group, and some had
more. This situation might indicate that children with dyslexia may have minicolumnopathies. Inflammation is also
known to increase complexity at lower temporal scales
meaning gamma brain waves (Wang et al., 2016). In general,
ASD and dyslexia have opposite characteristics which were
described in Casanova et al. (2010), but MSE of children
with dyslexia resembles that of children with atypical ASD,
as described in Catarino et al. (2011).
One of our hypotheses was that the complexity of the
experimental group would be improved with training.
Indeed, after 60 sessions of Auto Train Brain training, the
complexity of the experimental group improved and became
similar to that of the TD norm group. As we have only
measured the complexity of the TD norm group once at the
beginning of the experiment and we have not measured the

maturation effect, we investigated previously published
research to predict the maturation-related changes in a TD
norm group in 6 months. Other research reported that
healthy children who are 8 to 10-years-old improve MSE at
SF1 (lower temporal scales) approximately by 0.02 in
6 months, whereas MSE at higher temporal scales decreases
slightly (Polizzotto et al., 2015). After including the maturation effect of the TD norm group, we can deduce that MSE
of the experimental group improved up to the level of MSE
of the TD norm group both in lower and medium temporal
scales in 6 months. In our experiments, we have not
observed any adverse side effects on the experimental group.
Auto Train Brain system as a whole provided safe neurofeedback for 7 to 10-year-old children in our study.
This study implies that reducing slow brain waves with
Auto Train Brain also tends to reduce fast waves which are
recorded above normal. This may be due to the relaxing
effect of neurofeedback. However, this requires further
investigation.
Previous research demonstrated that people with dyslexia
benefit from neurofeedback applications. Walker and
Norman (2006) applied neurofeedback protocols to people
with dyslexia to decrease delta and theta at Cz, to increase
beta-1 at T3, and to decrease coherence at delta and theta
range. Their research showed at least two levels of increase
in reading levels. Nazari et al. (2012) applied neurofeedback
protocols to people with dyslexia to decrease delta and theta
at T3 and F7, as well as to increase beta-1 at T3 and F7.
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Figure 3. Comparisons of the relative band powers of the pre- and post-training analysis between the TD norm group (n ¼ 20) and the experimental
group (n ¼ 16).

They reported no significant changes in band powers, but
hyper-coherence in theta and delta bands. Reading times
and reading mistakes were reduced due to the treatment.
Follow up assessments showed that reading improvements
were sustained. Applying neurofeedback to dyslexia (delta
down at T3–T4, beta down at F7 and C3, coherence training
in the delta, alpha and beta ranges) was shown useful for
spelling but not reading in Breteler et al. (2010), although
other previous studies reported increases in raising reading
grade levels (Thornton & Carmody, 2005). Coben et al.
(2015) performed coherence neurofeedback on the participants with dyslexia: the most common hypo-coherence was
the occipito-parietal lobes to the frontal-temporal lobes. The
second most common hypo-coherence was the parietal to
medial-temporal connections. Hypo-coherence has been
reported on the delta, theta, and alpha bands. Trained with
coherence neurofeedback, the reading performances of people with dyslexia improved. Our research differs from previous research because we have applied 14-channel
neurofeedback and measured the improvements in training
by complexity calculations through MSE.
The recent findings confirm the findings of the previous
NF studies under strict control and randomized conditions
(Asbaqi et al., 2016; Bakhshayesh et al., 2011; Bauermeister
et al., 2005; Duric et al., 2012; Faller et al., 2019; Holtmann
et al., 2014; Johnstone et al., 2017; Madani et al., 2016).
Notwithstanding, the above-mentioned studies have reported
success in training subjects to manipulate activity in specific,
targeted brain regions, and such training has been shown to
enable changes in behavioral measures or clinical symptoms.
Our research was different from the studies mentioned

above since our control group consisted of healthy children.
Our future work will include a control group of children
with dyslexia.
The combination of game-based cognitive training and
NF protocol was developed for children with clinical and
subclinical ADHD by Johnstone et al. (2017). They trained
85 children with ADHD for 25 sessions. The results indicated a significant reduction in the severity of ADHD symptoms and the normalization of the multitude of brain waves
in the frontal area. In another study that combines NF
protocol with game-based cognitive training, neurofeedback
was applied to 31 dyslexic children and it has been reported
that both intelligence and attention improved (Rajabi et al.,
2019). In our study, we combined a neurofeedback protocol
with multi-sensory learning. Our goal was to make the
training robust and more effective. While our study assesses
the overall impact of the Auto Train Brain training system,
which includes a novel neurofeedback protocol and multisensory learning, it would be of definite interest to assess
the impacts of the neurofeedback protocol and multi-sensory
learning components separately.
Limitations of the study
The first limitation of the study is the number of participants (16 participants in the experimental group, 20 participants in the TD norm group). It would have been better if
we had more participants in the experiment.
The second limitation of the study is the existence of
comorbid situations such as EEG anomalies, ADHD,
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giftedness, and CP in the experimental group. In this study,
we have observed that for children with dyslexia who had
comorbid brain situations such as EEG anomalies and giftedness, the positive effect of Auto Train Brain is limited.
Auto Train Brain is more effective for children with pure
dyslexia, and children with dyslexia and ADHD. The existence of comorbidity in the experimental group also affected
our statistical analysis. To overcome the comorbidity effects,
we have not assumed normal distributions, log-transformed
the entropy calculations, and used non-parametric tests.
Furthermore, we repeated the statistical analysis with the
subset of the participants who had pure dyslexia. Having
comorbid situations in our experimental group, however,
helped to understand to which subsets of dyslexia with
comorbid situations Auto Train Brain training should
be targeted.
The third limitation of the study is the possibility of placebo effects. As described by Gaab et al. (2019), children
that are given one-on-one interactions and specialized interventions may improve their functioning based solely on the
social and environmental impact of those interventions.
Because no alternative intervention for the control group
was provided, placebo effects may represent a significant
source of improvement in the experimental group.
The fourth limitation of the study is maturation effects.
All children have significant brain changes throughout the
developmental period. Therefore, maturation is likely to
have some impact on MSE changes over 6 months (duration
between the pre- and post- EEG measurements in this
study). Our results would have been stronger if we compared MSE changes between an experimental group with
dyslexia and a control group with dyslexia across 6 months.
To address this limitation, our planned future work will
involve an experimental group with dyslexia and a control
group with dyslexia.
We conclude that children with dyslexia have lower complexity compared with that of the TD norm group and Auto
Train Brain training improves the complexity in 60 sessions
of usage.
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