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Abstract

Background: The autism rate has recently increased to 1 in 100 children. Genetic studies demonstrate poorly

understood complexity. Environmental factors apparently also play a role. Magnetic resonance imaging (MRI)

studies demonstrate increased brain sizes and altered connectivity. Electroencephalogram (EEG) coherence studies

confirm connectivity changes. However, genetic-, MRI- and/or EEG-based diagnostic tests are not yet available. The

varied study results likely reflect methodological and population differences, small samples and, for EEG, lack of

attention to group-specific artifact.

Methods: Of the 1,304 subjects who participated in this study, with ages ranging from 1 to 18 years old and

assessed with comparable EEG studies, 463 children were diagnosed with autism spectrum disorder (ASD); 571

children were neuro-typical controls (C). After artifact management, principal components analysis (PCA) identified

EEG spectral coherence factors with corresponding loading patterns. The 2- to 12-year-old subsample consisted of

430 ASD- and 554 C-group subjects (n = 984). Discriminant function analysis (DFA) determined the spectral

coherence factors’ discrimination success for the two groups. Loading patterns on the DFA-selected coherence

factors described ASD-specific coherence differences when compared to controls.

Results: Total sample PCA of coherence data identified 40 factors which explained 50.8% of the total population

variance. For the 2- to 12-year-olds, the 40 factors showed highly significant group differences (P < 0.0001). Ten

randomly generated split half replications demonstrated high-average classification success (C, 88.5%; ASD, 86.0%).

Still higher success was obtained in the more restricted age sub-samples using the jackknifing technique: 2- to 4-

year-olds (C, 90.6%; ASD, 98.1%); 4- to 6-year-olds (C, 90.9%; ASD 99.1%); and 6- to 12-year-olds (C, 98.7%; ASD,

93.9%). Coherence loadings demonstrated reduced short-distance and reduced, as well as increased, long-distance

coherences for the ASD-groups, when compared to the controls. Average spectral loading per factor was wide

(10.1 Hz).

Conclusions: Classification success suggests a stable coherence loading pattern that differentiates ASD- from C-

group subjects. This might constitute an EEG coherence-based phenotype of childhood autism. The predominantly

reduced short-distance coherences may indicate poor local network function. The increased long-distance

coherences may represent compensatory processes or reduced neural pruning. The wide average spectral range of

factor loadings may suggest over-damped neural networks.

Keywords: Autism spectrum disorder, pervasive developmental disorder, PDD, EEG coherence, principal compo-

nents analysis, PCA, coherence factors, discriminant analysis
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Background
Autism, also referred to as autism spectrum disorder

(ASD), constitutes a neurodevelopmental disorder char-

acterized by impairment in communication, including

language, social skills and comportment often involving

rigidity of interests and repetitive, stereotypical beha-

viors [1]. Ancillary symptoms may encompass obsessive-

compulsive, sleep, hyperactivity, attention, mood, gastro-

intestinal, self-injurious, ritualistic, and sensory integra-

tion disorders. ASD is generally considered a life-long

disability of yet undetermined etiology, without an

established confirmatory laboratory test, and as yet with-

out universally established, curative pharmacological or

behavioral therapy [2-4]. The incidence of autism

appears to be increasing. In 2011, Manning et al. [5]

using birth certificate and Early Intervention data

reported that in the Commonwealth of Massachusetts

between 2001 and 2005 the incidence of ASD diagnosed

by 36 months of age increased from 56 to 93 infants per

10,000. Whether this increased incidence reflects better

reporting and/or diagnosis or whether other factors are

involved remains to be determined. None-the-less, such

an increase in incidence is alarming. These data appro-

priately have spawned much research into the explora-

tion of potential etiologies as well as the development of

diagnostic tests, particularly in terms of neuro-imaging

and EEG, with the hope of establishing a definitive diag-

nosis at the earliest possible age, in order to facilitate

early intervention, while the immature brain still holds

high compensatory promise.

ASD is considered by many to be a genetically deter-

mined disorder; three well-known twin studies [6-8]

estimate heritability at about 90% [9]. Sibling concor-

dance varies from about 3 to 14%; linkage studies are

consistent with a polygenic mode of transmission [10].

The 2008 finding by the Autism Consortium of a micro-

duplication at 16p11.2 (1% of studied cases) raised hopes

that a full ASD genomic pattern might soon be eluci-

dated. However, more recent data suggest the heteroge-

neity and complexity of genetic abnormalities identified

in children with ASD. Sakai et al. [11] set out with 26

ASD associated genes and then described an “interac-

tome” of autism-associated proteins that may be neces-

sary to describe common mechanisms underlying ASD.

Voineagu et al. [12] provided strong evidence to suggest

widespread transcriptional and splicing dysregulation as

the key mechanism underlying brain dysfunction in

ASD. On the basis of a detailed study of twins with aut-

ism, Hallmayer et al. [9] recently reported, as expected,

high twin concordance yet also concluded that ASD has,

in addition to moderate heritability, a substantial envir-

onmental component. Thus, studies to date suggest a

strong genetic component to autism that may, however,

be more complex than initially thought, and environ-

mental factors, especially their types and mechanisms of

action, also appear to deserve further consideration.

MRI and its derivatives have demonstrated important

findings in ASD as has been reviewed extensively

[13-16]. The earliest anatomical studies involved recog-

nition that young children with ASD have abnormally

increased total brain volumes that appear related to

both increased grey and white matter volumes, with a

differentially higher white matter contribution. Brain

size in ASD appears to reach a 10% increase beyond

control values by two to four years of age, possibly fol-

lowed by a plateau. Regional brain growth specificity

studies, however, have shown little consistency with the

exception of decreased corpus callosum volume in ASD

suggesting decreased interhemispheric connectivity. Dif-

fusion magnetic resonance imaging (DMRI) studies in

children and adults have demonstrated lower white mat-

ter tract fractional anisotropy (FA) in ASD, indicating

poorer functional connectivity between brain regions.

Supporting this, Just et al. [17,18] published functional

MRI (fMRI) studies which demonstrate functional

under-connectivity in ASD. However, some studies have

provided evidence for several regions with increased FA,

that is, likely increased connectivity, in both children

and adolescents with ASD [19,20].

As Chen [16] correctly pointed out, there are “many

conflicting... (MRI)... findings in individuals within the

ASD...(which result from)...factors such as population

age, MRI acquisition parameters, details of the image

processing pipeline, feature extraction procedures, analy-

tic methods used to detect group differences and sample

sizes...(which have)...contributed to these disparities...”.

From the entirety of MRI related studies, one may con-

clude that ASD is typically associated with widely dis-

tributed alterations of brain anatomy involving both

grey and white matter, and with alterations in functional

connectivity, which appear primarily decreased, yet also

with some regionally increased connectivity. Despite a

number of serious attempts, there are as yet no univer-

sally established MRI-based criteria that are usable to

diagnose ASD. This no doubt reflects the problematic

complexity of factors underlying autism as outlined

above.

Given that altered brain connectivity is considered a

typical characteristic of ASD, a number of studies have

compared EEG coherence findings between ASD and

neuro-typical control populations [21-28]. On a fre-

quency by frequency basis, EEG spectral coherence

represents the consistency of the phase difference

between two EEG signals when compared over time.

According to Srinvasan et al. “...coherence is a measure

of synchronization between two... (EEG)...signals based
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mainly on phase consistency; that is, two signals may

have different phases... but high coherence occurs when

this phase difference tends to remain constant. In each

frequency band, coherence measures whether two sig-

nals can be related by a linear time invariant transfor-

mation, in other words a constant amplitude ratio and

phase shift (delay). In practice, EEG coherence depends

mostly on the consistency of phase differences between

channels” [29]. High coherence values are taken as a

measure of strong connectivity between the brain

regions that produce the compared EEG signals [30].

There is general agreement among coherence study

results that ASD patients and neuro-typical subjects dif-

fer markedly in terms of coherence findings; however, as

for MRI, study details also differ markedly. Cantor et al.

[21], who studied a small group of 4- to -12-year-old

children with ASD, reported greater between-hemi-

sphere coherence in the children with autism than in

comparable age children with mental handicaps other

than autism. Murias et al. [22] evaluated 18 adults with

ASD and found locally elevated theta coherence, espe-

cially in the left hemisphere. Alpha coherence was

reduced within the frontal and between the frontal and

other regions. Coben et al. [23] studied 20 6- to 11-

year-old children with ASD and reported decreased

overall coherence compared to neuro-typical control

group children. The children with ASD demonstrated

decreased intrahemispheric delta and theta for both

short and long inter-electrode distances as well as simi-

larly decreased interhemispheric coherence. Lazarev et

al. [24] evaluated, with EEG during photic stimulation

at different frequencies, 14 6- to 14-year-old children

with ASD in comparison to a neuro-typical control

group. The authors reported an ASD-specific coherence

increase at the frequencies of stimulation in the left but

not the right hemisphere, as compared to the neuro-

typical subjects. Resting, that is, not specifically stimu-

lated, coherence did not differ between the two hemi-

spheres for either group. Isler et al. [25] evaluated

coherence between two homologous regions of visual

cortex during visual stimulation (long latency evoked

potentials) in nine children with ASD as compared to

neuro-typical controls. The children with ASD demon-

strated significantly reduced coherence in the delta and

theta spectral bands and essentially no interhemispheric

synchronization above the theta band, whereas the

neuro-typical children sustained interhemispheric syn-

chrony to higher frequencies. This suggested diminished

functional connectivity between the bihemispheric visual

regions during visual stimulation in ASD. Leveille et al.

[27] assessed resting EEG coherence during REM sleep

in nine subjects with ASD compared to neuro-typical

controls and reported greater coherence between the

left occipital area and both local and distant regions for

the children with ASD. They also reported lower coher-

ence over right frontal regions for the children with

ASD as compared to the control group. Sheikhani et al.

[26] reported bilaterally increased coherence in the

gamma band, especially involving the temporal lobes, in

17 subjects with ASD, ranging in age from 6 to 11

years, when compared to a healthy control group. Bartt-

feld et al. [28] evaluated 10 adults with ASD and noted

that the subjects demonstrated reduced long-distance

and also increased short- distance coherence when com-

pared to an adult control group.

Study differences in experimental design, including

choice of spectral bands, brain regions, brain states

(activated or resting) and type of analysis, as well as

small sample sizes, differences in sample age ranges,

diversity of severity of impairment, lack of replication

tests and disparity of results make difficult a meaningful

summary of spectral coherence findings in ASD.

Furthermore, few studies considered the reality of ASD

group-specific EEG artifacts, including eye blink and

muscle movement, and their potential spurious effects

upon coherence. Also, few studies addressed the con-

founding effect of differing EEG recording reference

techniques upon coherence [31]. This leaves wide open

the question of whether the reported diverse study find-

ings reflect marked variability of brain function within

the ASD population as suggested by Happé [32] and

recently demonstrated by Milne [33], or whether they

primarily reflect methodological variability.

The current study attempts to answer the as yet open

question of coherence differences between children with

ASD and neuro-typical healthy controls. To this end,

EEG coherence data were evaluated in a large sample of

children with ASD and compared to a large neuro-typi-

cal, medically healthy, normal, age-comparable control

group. Care was taken to minimize the effects of EEG

artifact upon coherence data and to avoid a priori selec-

tion of coherences from among the very large number

of created coherence variables.

Methods
Study population

The Developmental Neurophysiology Laboratory, under

the direction of the first author, maintains a database of

patients and research subjects that includes unprocessed

(raw) EEG data in addition to referral information.

Patients typically are referred in order to rule out epi-

lepsy and/or sensory processing abnormalities by studies

incorporating EEG and Evoked Potentials (EP).

Patients with ASD

The goal of the current study was to select only those

patients whom experienced clinicians recognized and

identified as patients on the autistic spectrum, while

excluding children in the extremes of this entity,
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confounding neurological diagnoses that may present

with autistic features, and other entities that might have

independent impact upon EEG data.

Necessary inclusion criteria included the diagnosis of

ASD or Pervasive Developmental Disorder not otherwise

specified (PDD-nos) - both hereafter bundled and

together referred to as ASD - as determined by an inde-

pendent pediatric neurologist, psychiatrist, or psycholo-

gist at CHB or at one of several other Harvard teaching

hospitals, specializing in childhood developmental dis-

abilities, including ASD. Diagnoses relied upon DSM-IV

[1] and/or ADOS [34-36] criteria aided by clinical his-

tory and expert team evaluation.

Exclusion criteria included: (1) co-existing primary

neurologic syndromes that may present with autistic fea-

tures (for example, Rett’s, Angelman’s and Fragile X

syndromes, tuberous sclerosis, or mitochondrial disor-

ders); (2) clinical seizure disorders or results of EEG

readings suggestive of an active seizure disorder or epi-

leptic encephalopathy. (Note: Patients with occasional

EEG spikes were not excluded); (3) a primary diagnosis

of global developmental delay (GDD), developmental

dysphasia or high functioning autism and/or Asperger’s

syndrome; (4) expressed doubt by the referring clinician

as to the diagnosis of ASD; (5) taking medication(s) at

the time of the study; (6) other concurrent neurological

disease processes that might induce EEG alteration, for

example, hydrocephalus, hemiparesis or known syn-

dromes affecting brain development; and (7) significant

primary sensory disorders, for example, blindness and/

or deafness. A total of 463 patients met the above study

criteria and were designated as the study’s ASD sample.

Healthy controls

From among normal children recruited and studied for

developmental research projects, the goal was to provide

a comparison group of children selected to be normally

functioning while avoiding creation of an exclusively

‘super-normal’ group. For example, subjects with the

sole history of prematurity or low-weight birth, and not

requiring medical treatment after birth hospital (Har-

vard affiliated hospital) discharge were included.

Necessary inclusion criteria were as follows: (1) living

at home with and considered normal by the parents;

and (2) identified as functioning within the normal

range on standardized developmental and/or neuropsy-

chological assessments performed during the respective

research study.

Exclusion criteria were as follows: (1) diagnosed neu-

rologic or psychiatric illness or disorder or expressed

suspicion of such, for example, global developmental

delay (GDD), developmental dysphasia, attention deficit

disorder (ADD) and attention deficit with hyperactivity

disorder (ADHD); (2) abnormal neurological examina-

tion as identified during the research study; (3) clinical

seizure disorder or EEG reading suggesting an active sei-

zure disorder or epileptic encephalopathy (Note: Sub-

jects with rare EEG spikes were not excluded); (4) noted

by the research psychologist or neurologist to present

with autistic features; (5) newborn period diagnosis of

intraventricular hemorrhage (IVH), retinopathy of pre-

maturity, hydrocephalus, or cerebral palsy or other sig-

nificant condition likely influencing EEG data; and/or

(6) taking medication(s) at time of EEG study. A total of

571 patients met the criteria for neuro-typical controls

and were designated as the study’s control (C) sample.

Institutional Review Board approvals

All control subject families, and subjects as age appro-

priate, gave informed consent in accordance with proto-

cols approved by the Institutional Review Board (IRB) of

Children’s Hospital Boston. Subjects with ASD who had

been referred clinically were studied under an IRB pro-

tocol that solely required de-identification of data with-

out requirement of informed consent.

Measurements and data analysis

EEG data acquisition

Registered EEG technologists, naïve to the study’s goals,

and specifically trained and skilled in working with chil-

dren within the study’s age group and diagnostic range,

obtained all EEG data by use of up to 32 gold-cup scalp

electrodes applied with collodion after measurement.

Analyses were subsequently restricted to the following

24 channels available for all subjects: FP1, FP2, F7, F3,

FZ, F4, F8, T7, C3, CZ, C4, T8, P7, P3, PZ, P4, P8, O1,

OZ, O2, FT9, FT10, TP9, TP10 (see Figure 1). EEG data

were gathered in the awake and alert state assuring that

adequate periods of waking EEG were gathered. EEG

data collected during EP formation were not utilized for

the study. Data were primarily obtained from Grass™

(Grass Technologies Astro-Med, Industrial Park 600,

East Greenwich Avenue, West Warwick, RI 02893 USA)

EEG amplifiers with 1 to 100 Hz bandpass filtering and

digitized at 256 Hz for subsequent analyses. All ampli-

fiers were individually calibrated prior to each study.

One other amplifier type was utilized for five patients

with ASD (Bio-logic™, Bio-logic Technologies, Natus

Medical Inc., 1501 Industrial Road, San Carlos, CA

04070 USA; 250 Hz sampling rate, 1 to 100 Hz band-

pass) and one other amplifier type was utilized for 11

control subjects (Neuroscan™, Compumedics Neuros-

can, 6605 West W.T. Harris Boulevard, Suite F, Char-

lotte, NC 28269 USA, 500 Hz sampling rate, 0.1 to 100

Hz bandpass). Data from these two amplifiers, sampled

at other than 256 Hz. were interpolated to the rate of

256 Hz by the BESA 3.5™ software package. As the

band-pass filter characteristics differed among the three

EEG machines, frequency response sweeps were per-

formed on all amplifier types so as to permit
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modification of data recorded with the Biologic and

Neuroscan amplifiers to be equivalent to those gathered

by the Grass amplifiers. This was accomplished by uti-

lizing special software developed in-house by the first

author using forward and reverse Fourier transforms

[37].

Measurement issues and solutions

EEG studies are confronted with two major methodolo-

gical problems. First is the management of the abundant

artifacts observed in young and behaviorally difficult to

manage children (for example, eye movement, eye blink

and muscle activity). It has been well established that

even EEGs appearing clean by visual inspection may

contain significant artifacts [38,39]. Moreover, as shown

in schizophrenia EEG research, certain artifacts may be

group specific [40]. Second is the capitalization upon

chance, that is, application of statistical tests to too

many variables and incorrect reports of those that

appear significant by chance as support for the experi-

mental hypothesis [41]. Methods discussed below were

designed to specifically address these problems.

Artifact management - Part 1: Unprocessed EEG sig-

nals At the conclusion of each subject’s data collection,

digitized EEG data were inspected by the EEG technolo-

gist and those EEG epochs were visually identified

which were recorded during breaks for relaxation, or

showed movement artifact, electrode artifact, eye blink

storms, drowsiness, epileptiform discharges, and/or

bursts of muscle activity. Once identified, they were

marked in order to allow complete exclusion from sub-

sequent analyses of all channels recorded during such

epochs. Results were reviewed and confirmed and/or

modified by an experienced pediatric electroencephalo-

grapher (first author). After such visual inspection and

treatment, data were low pass filtered below 50 Hz with

an additional 60 Hz mains rejection notch filter.

Remaining eye blink and eye movement artifacts, which

may be surprisingly prominent even during the eyes

closed state, were removed by utilizing the source com-

ponent technique [42,43] as implemented in the BESA

(BESA GmbH, Freihamer Strasse 18, 82116 Gräfelfing -

Germany) software package. These combined techni-

ques resulted in EEG data that appeared largely artifact

free, with rare exceptions of low level temporal muscle

artifact and persisting frontal and anterior temporal

slow eye movement, which remain capable of contami-

nating subsequent analyses. The final reduction of such

persisting contamination of processed variables (coher-

ence) is discussed below under Artifact management -

Part 2

Calculation of spectral coherence variables Approxi-

mately 8 to 20 minutes of awake state EEG data per

subject were transformed by use of BESA software,

which supplies an implementation of a spherical spline

algorithm [44] to compute scalp Laplacian or current

source density (CSD) estimates for surface EEG studies.

The CSD technique was employed as it provides refer-

ence independent data that are primarily sensitive to

underlying cortex and relatively insensitive to deep/

remote EEG sources. Srinvasan et al. [29] point out tha-

t..."EEG coherence is often used to assess functional

connectivity in human cortex. However, moderate to

large EEG coherence can also arise simply by the

volume conduction of current through the tissues of the

head... (and)...EEG coherence appears to result from a

mixture of volume conduction effects and genuine

source coherence. Surface Laplacian EEG methods mini-

mize the effect of volume conduction on coherence esti-

mates by emphasizing sources at smaller spatial scales

than unprocessed potentials (EEG).”

Spectral coherence was calculated, using a Nicolet™

(Nicolet Biomedical Inc., 5225 Verona Road, Madison,

WI 53711 USA) software package, according to the con-

ventions recommended by van Drongelen [30] (pages

143-144, equations 8.40, 8.44). Coherency [45] is the

ratio of the cross-spectrum to the square-root of the

product of the two auto-spectra and is a complex-valued

quantity. Coherence is the square modulus of coherency,

taking on a value between 0 and 1. In practice, coher-

ence is typically estimated by averaging over several

epochs or frequency bands [30] and in the current

Figure 1 Standard EEG electrode names and positions. Head in

vertex view, nose above, left ear to left. EEG electrodes, Z, Midline,

FZ, Midline Frontal; CZ, Midline Central; PZ, Midline Parietal; OZ,

Midline Occipital. Even numbers, right hemisphere locations; odd

numbers, left hemisphere locations, Fp, Frontopolar; F, Frontal; C,

Central; T, Temporal; P, Parietal; O, Occipital. The standard 19, 10 to

20 electrodes are shown as black circles. An additional subset of

five, 10-10 electrodes are shown as open circles.
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project a series of two second epochs were utilized over

the total available EEG segments.

Furthermore, the quest for better measures of connec-

tivity between brain regions in EEG and MRI has

recently generated new techniques for connectivity

assessment in MRI and EEG [46-48]. Such techniques

involve partial coherence as the measure of functional

connectivity and appear particularly useful when com-

paring connectivity across tasks. As this was not the

case in the current study, partial coherence was not uti-

lized for the current project.

Spectral coherence measures were derived from the 1

to 32 Hz range, in 16, two-Hz-wide, spectral bands

which results in 4,416 unique coherence variables. The

24 by 24 electrode coherence matrix yields 576 possible

coherence values; the matrix diagonal has a value of 1 -

each electrode to itself - and half of the 552 remaining

values duplicate the other half, which results in 276

unique coherences per spectral band. Multiplication by

the 16 spectral bands in turn results in 4,416 unique

spectral coherence values per subject.

Artifact management - Part 2: Coherence data As has

been recently discussed in a study of normal adults and

adults with chronic fatigue syndrome [49], artifacts can-

not be removed from an entire EEG data set alone by

visual inspection and direct elimination of electrodes

and/or frequencies where a particular artifact is most

easily apparent. An established approach to reduce

further any persisting artifact contamination of pro-

cessed coherence data involves multivariate regression.

Semlitsch et al. [50] demonstrated that by identifying a

signal that is proportional to a known source of artifact,

this signal’s contribution to scalp recorded data (EEG

and its derivatives, such as evoked potentials, and so on)

may be diminished by statistical regression procedures.

Persisting vertical eye movements and blinks produce

slow EEG delta spectral signals in the frontopolar chan-

nels FP1 and FP2 and such artifactual contribution may

be estimated by the average of the 0.5 and 1.0 Hz spec-

tral components from these channels after EEG spectral

analysis by Fast Fourier Transform (FFT) [37] of com-

mon average referenced data. Similarly, horizontal eye

movements may be estimated by the average of the 0.5

to 1.0 Hz spectral components from the anterior tem-

poral electrodes F7 and F8. Little meaningful informa-

tion of brain origin is typically found at this slow

frequency in these channels in the absence of extreme

pathology. Muscle activity tends to peak at frequencies

above those of current interest. Accordingly, 30 to 32

Hz spectral components were considered to be largely

representative of muscle contamination, especially as

recorded from the separate averages of prefrontal (FP1,

FP2), anterior temporal (F7, F8), mid-temporal (T7, T8),

and posterior temporal (P7, P8) electrodes. These elec-

trodes are the ones most often contaminated by muscle

as they are physically closest to the source of the artifact

(frontal and temporal muscles). The steps employed in

this study involved, first, the fitting of a linear regression

model where the dependent variables were those tar-

geted for artifact reduction and the independent vari-

ables were those chosen as representative of remaining

artifacts; second, the extracting of the residuals which

now represent the targeted data with artifacts removed

and, third, the use of these residuals in subsequent ana-

lyses. The six artifact measures, two very slow delta and

four high frequency beta, were the ones submitted as

independent variables to the multiple regression analysis

(BMDP2007™-6R) [51], which was used to individually

predict each of the coherence variables (see below), trea-

ted as dependent variables. Residuals of the dependent

variables, now uncorrelated with the chosen indepen-

dent artifact variables, were used in the subsequent

analyses.

Prevention of capitalization upon chance: Variable number

reduction by creation of coherence factors

In order to facilitate subsequent statistical analysis, spe-

cifically in order to avoid capitalization on chance

resulting from the use of too many variables, Principal

Components Analysis (PCA) of the coherence data was

employed as an objective technique to meaningfully

reduce variable number [52]. The coherence data were

first normalized (centered and shifted to have unit var-

iance) so that eventual factors reflected deviations from

the average. In order to avoid loss of sensitivity by a

priori data limitation, an unrestricted form of PCA [53]

was applied allowing all coherence variables per subject

to enter analysis. By employment of an algorithm based

upon singular value decomposition (SVD) [37,54], a data

set of uncorrelated (orthogonal) principal components

or factors [52,53] was developed in which the identifica-

tion of a small number of factors following Varimax

rotation [55] describe an acceptably large amount of

variance [56]. Varimax rotation enhances factor contrast

yielding higher loadings for fewer factors while retaining

factor orthogonality. Although not the only PCA

method applicable to large, asymmetrical matrices

(4,416 variables by 1,034 cases as in the current study),

SVD, which may be used to solve under-determined and

over-determined systems of linear equations [37], is

among the most efficient techniques used for PCA [53].

This approach to variable number reduction has been

successfully used in prior studies of EEG spectral coher-

ence in infants [57] and adults [49,53]. When total

population size is over 200, as in the current study,

coherence factor formation consistency by split-half

replication becomes redundant (unpublished finding).
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Data analysis

Discrimination of subject groups by use of EEG spec-

tral coherence variables Two-group discriminant func-

tion analysis (DFA) [58-60] was used extensively in this

study. It produced a new canonical variable, the discri-

minant function, which maximally separated the groups,

based on a weighted combination of the entered vari-

ables. DFA defined the significance of a group separa-

tion, summarized the classification of each subject, and

provided approaches to the prospective classification of

subjects not involved in discriminant rule generation by

means of the jackknifing technique [61,62] or by classifi-

cation of a new population. The BMDP2007™ (Statisti-

cal Solutions, Stonehill Corporate Center, Suite 104, 999

Broadway, Saugus, MA 01906 USA) statistical package

[51] was employed for DFA (program 7 M); it yields the

Wilk’s Lambda statistic with Rao’s approximation. For

the estimation of prospective classification success, the

jackknifing technique was used [61,62]. In jackknifing

for two-group DFA, as was undertaken in this study, the

discriminant function was formed on all subjects but

one. The left-out subject was subsequently classified.

This initial left out subject was then folded back into

the group (hence “jackknifing”), another subject was left

out, the DFA was performed again, and the newly left

out subject classified. This process was repeated until

each individual subject had been left out and classified.

The measure of classification success was then based

upon a tally of the correct classifications of the left out

subjects. This technique is also referred to as the “leav-

ing-one-out” process. Split half analysis was also used.

Instead of leaving out a single subject for each iteration,

50% of subjects were left out, that is, the analysis was

performed on a randomly selected sample consisting of

only half the number of subjects. A random number

generator within BMDP-7M (stepwise DFA) was

employed to permit random assignment of each subject

to a training-set (50% of the subjects - used to create

the discriminant) and a test-set (remaining 50% of the

subjects - used to estimate prospective classification suc-

cess). The algorithm used by BMDP does not always

provide a precise split; the exact ratio of control to

experimental subjects within each selected sub-group

reflects random chance. As a separate measure of classi-

fication success, two-group t-tests (BMDP-3D) were per-

formed utilizing the canonical discriminant variable

produced by a training-set test on the corresponding

test-set.

Factor description; relationship of PCA outcome fac-

tors to input coherence variables Individual outcome

factors were each formed as linear combinations of all

input variables with the weight or loading of each coher-

ence variable upon a particular factor as determined by

the PCA computation [58]. Meaning of outcome factors

was discerned by inspection of the loadings of the input

variables upon each individual factor [52,58]. Factor

loadings were treated as if they were primary neurophy-

siologic data and displayed topographically [63,64]. Dis-

play of the highest 15% of coherence loading values, was

utilized [49,53,57], to facilitate an understanding of indi-

vidual factors’ meaning, as shown in Figure 2.

Age grouping

Given the wide age range (14 months to 18 years) of the

subjects within the ASD- and C-groups and the well

known age effects on EEG and spectral coherence data

over this wide age range [65-67], analyses were

restricted to the more limited age range of 2 to 12 years

(ASD-group: n = 430; C-group: n = 554; total sample: n

= 984, see Table 1). A high male (84%) to female (16%)

ratio in the ASD-group reflects known male preponder-

ance for this population [68]. A similar pattern in the

C-group (male (88%), female 12%) reflects intentional

bias as subject selection anticipated studies of autism

and other studies from which the C-group was drawn

(for example, dyslexia, learning disabilities, and behavior

problems where males predominate) [69,70]. Male to

female ratios were not significantly different between

the ASD- and C-groups. The effect of age was removed

from the 40 coherence variables generated on the 2- to

12-year-old total sample by simple regression using age-

at-study as the independent variable and the 40 coher-

ence factors as dependent variables (BMDP-6R). Factors

remained statistically uncorrelated after this regression

procedure. In order to assure relatively even age distri-

bution of subject numbers between ASD- and C-groups,

group comparisons were also independently performed

in three narrower age ranges, namely for 2- to 4-year-

olds, 4- to 6-year-olds, and 6- to 12-year olds.

Results
Generation and selection of spectral coherence variables

Subsequent to SVD-based PCA, distribution of variation

among coherence factors demonstrated a satisfactory

condensation of variance into a small number of factors:

829 factors described over 99%, 366 described 90.02%,

38 described 49.98%, 7 described 24.97% and 1 factor

described 8.10% of the total variance before rotation.

The first 40 factors accounted for 50.87% of the total

variance. Variance and percent variance after Varimax

rotation are shown in Table 2. Factors were named in

the order selected by their Eigenvalues before rotation.

In Table 2, the percent variance values are not in des-

cending order, which is an expected result of the var-

iance re-distribution from the Varimax rotation. These

40 factors were used as variables to represent all sub-

jects in the subsequent analyses.
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Figure 2 Graphic representation of 33 coherence factor loadings. EEG coherence factor loadings. Heads in top view, scalp left to image left,

nose above; Factor number is above heads to left and peak frequency for factor in Hz is above to right. Lines indicate top 15% coherence

loadings per factor: Red = increased coherence in ASD-group; Yellow = decreased coherence in ASD-group. Involved electrodes shown as small

white circles. Uninvolved electrodes are not shown.
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Analysis of entire 2- to 12-year-old sample analyses: two

group DFA, 40 coherence factors

All 40 variables forced to enter

When the primary discriminant function analysis (DFA)

was based upon the 2- to 12-year-old sample of 984

subjects and all 40 coherence factors were forced to

enter the DFA, there was a significant group differentia-

tion of the ASD- and C-groups by Wilks’ Lambda

(0.490) with Rao’s approximation (F = 23.66; df = 40,

943; P < 0.0001). This result established that these two

groups differed significantly on the basis of variables

generated from EEG-based coherence data.

Split half replication with variable stepping

When DFA was performed with 10 replications, allow-

ing variables to step in or step out each time after first

randomly splitting the population into two parts, form-

ing training- and test-sets. The average test-set classifi-

cation success across all 10 split half replications was

88.5% for the C- and 86.0% for the ASD-group. Results

are shown in Tables 3 and 4. The DFAs utilized

between 19 and 25 factors; Factor 15 was chosen consis-

tently as the first for each of the 10 replications (Table

3). When additionally confirmed by t-test all 10 scores

reached significance at P ≤ 0.0001 (Table 4). The consis-

tent classification success and the highly significant t-

test results for the 10 split half analyses indicate that

stable, consistent differences exist between the C- and

ASD-groups.

Age subgroup analyses, two group dfa, 40 coherence

factors

Ages 2 to 4 years

When, first, all 40 coherence variables were forced to

enter DFA on the 2- to -4-year-old population of 301

subjects (C-group, n = 85; ASD-group, n = 216), group

differentiation by Wilks’ Lambda (0.210), with Rao’s

approximation (F = 24.50; df = 40,260; P < 0.0001) was

highly significant. The C-group subjects were classified

with 92.9% accuracy, the ASD-group patients with

99.5% accuracy.

Second, when stepping in and out of all 40 variables

was allowed, 17 variables were selected with excellent

Table 1 Populations studied

Description Total Control Autistic

Fulfilling Criteria,
Used for PCA
Ages 1 to 19 years

1,034 571 463

Used for
Discriminant,
Ages 2 to 12 years

984 554
16% female

430
12% female

Subgroup, 2 to 4 years 301 85 216

Subgroup, 4 to 6 years 137 22 115

Subgroup, 6 to 12 years 546 447 99

Table 2 First 40 factors after varimax rotation

Factor Order Variance Percent
of All Factors

Percent
of First 40 Factors

Factor Order
Cont.

Variance Percent
of All Factors

Percent
of First 40 Factors

1 147.57 3.34 6.57 21 35.92 0.81 1.60

2 111.41 2.52 4.96 22 44.44 1.01 1.98

3 123.86 2.80 5.51 23 40.20 0.91 1.79

4 146.55 3.32 6.52 24 47.27 1.07 2.10

5 79.48 1.80 3.54 25 40.59 0.92 1.81

6 117.38 2.66 5.22 26 32.21 0.73 1.43

7 75.19 1.70 3.54 27 39.74 0.90 1.77

8 45.95 1.04 2.05 28 36.58 0.83 1.63

9 95.90 2.17 4.27 29 43.60 0.99 1.94

10 62.35 1.41 2.78 30 30.33 0.69 1.35

11 39.96 0.90 1.78 31 41.26 0.93 1.84

12 95.55 2.16 4.25 32 29.18 0.66 1.30

13 58.48 1.32 2.60 33 43.85 0.99 1.95

14 63.86 1.45 2.84 34 29.10 0.66 1.30

15 71.38 1.62 3.18 35 28.82 0.65 1.28

16 45.06 1.02 2.01 36 25.51 0.58 1.14

17 33.29 0.75 1.48 37 27.78 0.63 1.24

18 33.78 0.76 1.50 38 32.22 0.73 1.43

19 40.60 0.92 1.81 39 36.08 0.82 1.61

20 49.17 1.11 2.19 40 25.08 0.57 1.12

Total variance for all factors = 4,416.01

Total variance of first 40 Factors = 2,246.55 (50.87% of total variance)

*Factors are ordered and named on basis of variance before rotation.
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direct classification success for the C- (90.6%) and the

ASD- (98.6%) groups. Jackknifing revealed almost identi-

cal results: for the C-group, classification success was

90.6%, for the ASD-group, 98.1%.

Ages 4 to 6 years

When, first, all 40 variables were forced to enter DFA

on this population of 137 subjects (C-group, n = 22;

ASD-group, n = 115), despite the unequal subject num-

ber per group, a highly significant group differentiation

was again observed by Wilks’ Lambda (0.155), with

Rao’s approximation (F = 13.09; df = 40,96; P < 0.0001).

The C-group subjects and the ASD-group patients were

both classified with 100% accuracy.

Second, when stepping in and out of all 40 variables

was allowed, 17 variables were selected; direct classifica-

tion success was excellent for the C-group (90.9%), as

well as the ASD-group (99.1%). Jackknifing revealed

identical results.

Ages 6 to 12 years

When, first, all 40 variables were forced to enter on the

population of 546 subjects (C-group, n = 447; ASD-

group, n = 99), group differentiation of C- and ASD-

group subjects by Wilks’ Lambda (0.278), with Rao’s

approximation (F = 32.80; df = 40,505; P < 0.0001) was

again highly significant. The C-group subjects were clas-

sified with 98.7% and the ASD-group patients with

96.0% accuracy.

Second, when stepping in and out of all 40 variables

was allowed, 22 variables were selected with excellent

direct classification success (C-group, 98.7%, ASD-

group, 96.0%). Jackknifing revealed similar results (C-

group, 98.7%, ASD-group, 93.9%).

The highly significant group differentiation results for

all three analyses, when all 40 factors were forced to

enter, establishes that coherence factors demonstrate

significant ASD- and control-group difference across all

three age spans. Furthermore, the coherence factors

accurately classified ASD- and C-group subjects across

all three age spans with jackknifing, when variable step-

ping in and out was allowed.

Characteristics of coherence factor differences between

ASD- and control-groups

Of the 40 coherence factors, 33 were selected for use in

one or more stepwise DFA. Figure 1 shows electrode

locations involved and their respective names; Figure 2

illustrates the 33 coherence factors. In Figure 2 lines

indicate electrode pairs and the color signifies coherence

change relative to the ASD-group; red indicates

increased and yellow decreased coherence for the ASD-

group as compared to the C-group. Other studies

[49,53,57] have utilized the conventionally accepted way

to capture the most important coherences per factor,

namely by identification of the coherence with the high-

est loading value per factor and additional display of all

other coherence loadings that achieve within 85% or

more of the highest loading value on the factor.

Table 3 Ten consecutive split-half replications of full population

Trial Number of Training Set Subjects Number of Test
Set Subjects

Number of Factors Used Top Two Factors
Chosen

1 473 511 25 15, 1

2 469 515 20 15, 16

3 490 494 21 15, 16

4 521 463 21 15, 16

5 480 504 23 15, 16

6 487 497 25 15, 2

7 496 488 19 15, 17

8 490 494 22 15, 17

9 495 489 22 15, 17

10 501 483 22 15, 16

Table 4 Ten instances of split-half replication of full

population

Trial Num CON
Correct

% CON
Correct

Num ASD
Correct

% ASD
Correct

t df P

1 244/279 87.5 204/232 87.9 11.18 317 0.0001

2 256/297 86.2 195/218 89.4 12.95 304 0.0001

3 253/285 88.8 181/209 86.6 13.95 294 0.0001

4 248/275 90.2 164/188 87.2 11.21 242 0.0001

5 253/281 90.0 181/223 84.3 14.93 430 0.0001

6 253/288 87.8 174/209 83.3 9.56 259 0.0001

7 238/269 88.5 183/219 83.6 15.90 355 0.0001

8 249/275 90.5 185/219 84.5 13.72 316 0.0001

9 226/274 82.5 186/215 86.5 17.20 423 0.0001

10 242/260 93.1 194/223 87.0 14.87 324 0.0001

Mean 88.5 86.0

Abbreviations: Num, number of, CON, normal control, ASD, Autism Spectrum

Disorder; t, T-test; df, degrees of freedom, P, probability value. Results are the

number and percent of correctly classified Test Set subjects. T values are

determined for each test-set using the corresponding training-set-developed

developed discriminant function.
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The first 10 factors chosen by stepwise DFA and their

order of selection are shown in Table 5 columns 3 to 6

respectively for the 2- to 4-year-olds, the 4- to 6-year-

olds, the 6- to 12-year-olds, and the entire 2- to 12-

year-old sample analyses. Column 7 indicates the num-

ber of times each factor was selected over the 10 split

half replications of the 2- to 12-year-old population.

Column 8 shows the average order of factor selection

for the same ten10 replications.

Direction of coherence change for ASD- compared to C-

group subjects

Based on coherence loadings upon the 33 factors uti-

lized (Figure 2) and upon the subsequent factor loadings

on the individual discriminant, 23 factors (69.7%) were

associated with reduced coherence and 10 factors

(30.3%) with increased coherence for the ASD popula-

tion. No single factor manifested a mixture of increased

and decreased coherence loadings.

Electrode Involvement and Direction of Coherence Change

A tally across the 33 coherence factors (Figure 2)

showed frontal electrode involvement in 16, central in

14, occipital in 16, parietal in 16 and temporal involve-

ment in 24 factors. Five frontal, 3 central, 3 parietal, 3

occipital and 10 temporal electrodes were utilized in

this study (Figure 1). Thus, the preponderance of tem-

poral electrode involvement in the 33 factors may

Table 5 Factor spectral range and factor utilization across all analyses

Rank of First 10 Chosen Factors

Factor Spectral Band Hz (peak) 2 to 4 yo 4 to 6 yo 6 to 12 yo 2 to 12 yo Split-Half
Num
2 to 12 yo

Split-Half Avg Rank
2 to 12 yo

1 12 to 18 (14) 9 8 - - 9 6.5

2 2 to 20 (18) 2 - 3 3 9 4.2

3 14 to 30 (24) - - - - 1 7.0

4 16 to 30 (24) - - - - 0 -

6 14 to 24 (22) 4 - - 5 8 6.5

7 18 to 30 (22) - - - - 5 6.8

8 12 to 30 (24) - - - - 0 -

9 10 to 12 (10) - - 8 8 1 8.0

10 6 to 8 (6) - - - - 0 -

11 22 to 28 (26) - - - - 0 -

13 4 to 18 (14) - 5 - - 0 -

15 12 to 30 (24) 1 - 1 1 10 1.0

16 2 to 4 (2) - - 4 4 9 2.6

17 18 to 30 (20) - 1 6 2 10 3.4

18 4 to 6 (4) - - - - 0 -

19 16 to 30 (18) 5 - - - 0 -

21 14 to 30 (22) 8 3 - - 0 -

22 18 to 30 (28) - - 9 10 2 6.5

23 2 (2) - - - - 0

24 12 to 28 (18) 3 - - 6 8 7.7

25 24 to 30 (26) - - 5 - 1 10.0

27 8 (8) - 10 - - 1 7.0

28 16 to 28 (20) - 7 - - 0 -

30 10 to 20 (14) - - 10 - 8 7.5

31 16 to 26 (24) - - 2 - 3 7.3

32 18 to 22 (18) - - - - 0 -

33 16 to 28 (20) - - - - 0 -

34 16 to 26 (20) - 9 7 - 0 -

35 12 to 24 (14) - 4 - 8 5 7.25

36 18 to 22 (20) 10 - - 9 4 7.00

37 12 to 24 (20) 6 2 - - 0 -

39 4 to 12 (10) 7 6 - - 0 -

40 4 to 16 (6) - - - 7 3 4.00

Abbreviations: Hz, Hertz; yo, year old group analysis; Num, number of utilizations of indicated factor in 10 split-half replications; Avg, average factor rank across

10 replications; -, not utilized.
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simply represent the relatively greater number of tem-

poral electrodes utilized.

As regards direction of coherence change by region

(Figure 2), increased coherence for the ASD-group was

evident in 7 of 16 frontal (43.8%), 3 of 14 central

(21.4%), 5 of 16 parietal (31.25%), 3 of 16 occipital

(18.8%) and 9 of 24 temporal (37.5%) electrodes. With

the exception of the frontal electrodes, these values dif-

fer only slightly from the overall 30.3% of the factors

that showed increased ASD coherence.

Regionally (Figure 2), 23 of the 33 factors (69.8%)

demonstrated bilateral involvement although 2 of these

23 factors illustrated greater left sided involvement. Pri-

marily lateralized involvement was noted on the right

for seven (21.2%) and on the left for three (9%) factors.

Spectral bands involved

Table 5, column 2, shows the peak frequency and spec-

tral range for each factor. The average spectral range

per factor was 10.1 Hz with a range extending from 2-

18 Hz. Table 6, last line, columns 2 to 6 shows that

based upon peak frequency for each factor there were 2

delta (2 Hz), 4 theta (4 to 8 Hz), 2 alpha (10 to 12 Hz),

17 slow beta (14 to 22 Hz) and 8 fast beta (24 to 30 Hz)

factors.

Factor inter-electrode distance, loading polarity, and

spectral association

Short inter-electrode distance was defined as an adjacent

electrode pair without intervening inter-hemispheric fis-

sure; all others were considered long inter-electrode dis-

tances. Of the 33 factors utilized, 20 were characterized

predominantly by long, five by mixed short and long,

and eight by short distance factors (Figure 2, Table 6).

The long distance coherence factors were composed

almost equally by factors demonstrating positive and

negative coherence loadings. The mixed long and short

and the short distance coherence factors demonstrated

primarily decreased coherences for the ASD group. Nine

of the 10 positive loading factors were in the long

distance category. Overall, more factors involved the

slow beta band than any other band (Tables 5 and 6).

Number of coherence loadings per factors and spectral

relationship

Eight factors demonstrated loadings limited to a single

electrode pair, 11 factor loadings involved 2 or 3 pairs,

and 14 factor loadings involved more than 3 pairs (Fig-

ure 2, Table 7). There was no obvious relationship

between factor coherence electrode distance and/or

involved spectral bands (Table 7).

Most useful factors

Factor 15 was ranked first for every one of the 10 split

half analyses of the entire 2- to 12-year-old population.

Other factors frequently chosen and/or highly ranked

were factors 17, 16 and 2 (Table 5, column 7 and 8).

Factor 15 was also chosen first by stepwise DFA for

three of the four subgroup analyses (Table 5, columns 3

to 6).

Discussion
The discussion focuses first on methodological contribu-

tions of the current study of children with ASD, and

second, on results obtained in view of the study’s speci-

fic goals.

Methodological contributions

First, subjects were not selected from among the typi-

cally more cooperative population of adult patients with

autism, pediatric patients presenting with high-function-

ing autism or pediatric patients with Asperger’s syn-

drome. Instead, our subjects represented a mid-range

cross-section of childhood autism and PDD-nos as

referred to area specialists. The EEG technologists who

performed the data acquisition were highly experienced

in the EEG studies of pediatric patients who frequently

require special management in order to acquire useful

data. Second, with the anticipation that such patients

would none-the-less likely provide data containing some

Table 6 Relationship of spectral bands to interelectrode distance of factors

Length and Loading Delta
2 Hz

Theta
4 to 8 Hz

Alpha
10 to 12 Hz

Slow Beta
14 to 22 Hz

Fast Beta
24 to 30 Hz

Totals

Long Pos 2 0 0 5 2 9

Long Neg 0 2 2 6 1 11

20 Long

Mixed Pos 0 0 0 0 0 0

Mixed Neg 0 0 0 2 3 5

5 Mixed

Short Pos 0 0 0 1 0 1

Short Neg 0 2 0 3 2 7

8
Short

Totals 2 4 2 17 8

Abbreviations: Pos, positive loading on factor for ASD; Neg, negative loading on factor for ASD; Hz, Hertz
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group specific artifact, a special process was employed

to recognize, hopefully remove and at least diminish

ASD-group specific artifact. Third, an equally large data-

base of well studied inclusive of EEG, neuro-typical chil-

dren of comparable age and gender distribution was

available for comparative purposes. Fourth, instead of a

priori limitation of EEG coherence to certain scalp

channels or spectral frequencies as is frequently the

case, all available scalp channels and spectral bands

were utilized by employment of a method of data reduc-

tion based on Principal Components Analysis (PCA)

[52,53], which has previously been used successfully

[57]. Fifth, while a number of studies report identified

significance of group difference only, the current study

took advantage of the large population size and tested

stability of individual subject classification. Sixth, evalua-

tion of the coherences loadings upon the most useful

PCA-derived factors facilitated, identified not only spec-

tral frequencies (see Figure 2) but also brain regions

(see Figure 2) involved in the discrimination of ASD-

from control group subject.

Study goals and findings

The first goal of the study was to determine whether

coherence factors, here used as variables, significantly

separate ASD- from the control (C)-group populations.

As described under Results, when all 40 variables were

forced to enter, discriminant function analysis (DFA)

produced a highly significant (P < 0.0001) group differ-

ence across the full 2- to 12-year-old population and,

additionally, for the three separate age group analyses of

the 2- to 4-, the 4- to 6-, and the 6- to 12-year-old sub-

jects. These findings establish that the 40 coherence fac-

tors significantly separate pediatric ASD-patients from

C-subjects.

The second goal was to evaluate the consistency of

subject classification by allowing DFA to select the best

factors for discrimination. As discussed in Results the

average jackknifed classification success for the three

separate age-group DFAs was 93.7% for the control- and

97.0% for the ASD-group. When the entire population

was subjected to 10 independent split half replications,

classification success was on the average 88.5% correct

for the C- and 86.0% correct for the ASD-groups. More-

over, when each training-set-generated discriminant

function was evaluated against the corresponding test-

set by t-test, every one of the 10 control- versus ASD-

group comparisons reached probability levels of P <

0.0001 levels. These findings thus establish coherence

factors as very useful in subject classification. They,

furthermore, establish the substantial stability of the

reported coherence findings and argue quite strongly

against great inter-subject variability in this study’s ASD

population. The illustrated factor coherence loading pat-

terns (Figure 2) appear to constitute a potentially useful

neurophysiological ASD-phenotype. Furthermore, the

demonstrated stability of the above coherence findings

argues against marked variability of brain function

within the ASD population as postulated by Happé [32]

and Milne [33].

It is tempting to speculate that the consistency of the

classification success reported might point to EEG

coherence as a possible future diagnostic test for ASD.

However, clinical patients are seldom referred just to

confirm that they are either neuro-typical or warranting

the diagnosis of ASD. Rather, they are referred to estab-

lish a diagnosis from among a wide range of clinical

possibilities that may produce clinical presentations

superficially similar to ASD, including ASD itself. Before

entertaining general clinical applicability, the discrimi-

nant process will need to be extended to correctly clas-

sify conditions beyond the simple C- versus ASD-group

dichotomy. Further analyses must encompass diagnoses

often associated with or closely related to classic ASD,

such as GDD, Asperger’s syndrome, developmental dys-

phasia, childhood disintegrative disorder and autistic

Table 7 Relationship of spectral bands to coherences and sign of loading per factor

Num of Coherences
Per Factor

Load Delta
2 Hz

Theta
4 to 8 Hz

Alpha
10 to 12 Hz

Slow Beta
14 to 22 Hz

Fast Beta
24 to 30 Hz

Totals

1 Pos 0 0 0 1 1 2

Neg 0 0 1 3 2 +6

8 (1)

2-3 Pos 1 0 0 2 1 4

Neg 0 2 0 5 0 +7

11 (2 to 3)

> 3 Pos 1 0 0 3 0 4

Neg 0 2 1 3 4 +10

14 (> 3)

Abbreviations: Num, number; Pos, positive loading on factor; Neg, negative loading; Hz, Hertz; See text for definitions of 1, 2-3, and > 3; Load, coherence loading

on factor for ASD
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behavior as a presenting symptom of other clinical diag-

noses, for example, Rett’s syndrome, Angelman’s syn-

drome, tuberous sclerosis and Fragile X syndrome.

The controversy of whether childhood disintegrative

disorder and especially Asperger’s disorder, should or

should not be folded into the ASD-category as DSM-V

argues [1,14,71], might be answered by similarities and/

or differences found on EEG coherence and possibly

other neuroimaging tests. Wing et al. [71] have argued

“We, in our many years of clinical diagnostic work have

observed how extremely difficult, even impossible, it is

to define boundaries of different sub-groups among chil-

dren and adults with autistic spectrum conditions.” The

authors’ clinical experience parallels this view.

A third goal of the current study was to explore the

potential meaning of the 33 factors chosen (as best to

discriminate between ASD- and C-group subjects) by

the multiple DFAs when variables were allowed to step

in and out.

In studies of EEG coherence, careful pre-selection of

electrode pairs has been frequently undertaken prior to

data analysis, for example, see Coben et al. [23]. This

study involved a sample of anterior to posterior intrahe-

mispheric (for example, F3-O1), left to right interhemi-

spheric (for example, C3-C4), and intra-lobar (for

example, T7-P7) electrode pairs - see Figure 1 for

named electrode locations. Such electrode pair selection

facilitates subsequent discussion of coherence increase/

decrease in particular frequencies, in different regions,

between short and long distance coherence as well as

between hemispheres. In contrast, for the current study,

channel pairs were not pre-selected; instead exclusively

data driven factor loading patterns were used to define

coherence pair groupings (Figure 2). As became appar-

ent, none of the factor loading patterns delineated any

electrode pairs that reflect simple left-right or anterior-

posterior orientations of the sort pre-selected in earlier

studies (for example, [23]). On the one hand, this com-

plicates a direct comparison of the current study’s find-

ings with prior studies. On the other hand, since the

patterns of coherence pair associations in Figure 2 were

driven exclusively by the data structure underlying the

large study population’s coherence data, they may be

taken to represent coherence channel pairs that are the

most likely to associate with one another in the larger

ASD population and, therefore, the most likely to discri-

minate ASD- from C- subjects. Despite the complexity

of patterns identified none-the-less orderly generaliza-

tions about coherence difference in ASD emerge from

the results.

Overall, 70% of the factors were associated with

reduced coherence for the ASD- population. Further-

more, two of the four most utilized factors by DFA,

including the most frequently selected Factor 15, were

characterized by reduced ASD coherence. Moreover,

seven of the eight factors characterized by short inter-

electrode distance and all five of the factors representing

a mix of short and long distance coherences were asso-

ciated with reduced coherence. This study is not, of

course, the first to report evidence for reduced coher-

ence in ASD [22,23,25,27,28]. Such a preponderance of

reduced coherence in ASD suggests likely corresponding

reduction in cortical connectivity and corresponding

lack of interactions between cortical regions. Some

authors attribute ASD primarily to reduced integration

of brain activity where specialized cortical regions are

anatomically and functionally poorly connected with

one another [17,72-76]. Indeed, the most consistently

selected factor in the current study (Factor 15) exclu-

sively demonstrated reduced connectivity primarily

between the posterior and anterior left temporal regions,

and between the left anterior temporal and left frontal

regions - and to a degree in the right anterior temporal

region. Broadly, left temporal-frontal regions are asso-

ciated with language function; reduced connectivity in

these regions may be associated with the language and

communication challenges that are nearly universal in

the ASD population. Factor 15 may represent decreased

connectivity along the left hemisphere’s Arcuate Fasci-

culus, an anatomical tract important in language and

recently shown to be deficient in autism [77].

On the other hand, 30% of the 33 factors utilized in

the current report represented increased ASD-coher-

ence. The current study again is not the first to report

evidence for increased coherence in concert with

reduced coherence [22,27,28] with some studies report-

ing primarily increased coherence [21,26]. It is more dif-

ficult to interpret increased connectivity in the context

of ASD-subjects. Increased connectivity, as seen in this

study, is primarily represented by long inter-electrode

distance factors. This might represent a failure of devel-

opmentally appropriate pruning or die-back and,

thereby, constitute a further functional liability. Failure

of expected die-back of certain cortical-cortical connec-

tions with the attendant, aberrant over-connectivity

might interfere with normal cortical processing. An

alternative possibility is that the increased coherence

may constitute a compensatory attempt of the autistic

brain to form atypical, spatially disparate, cortical net-

works in an attempt to replace function normally sub-

served by assumed-to-be deficient more localized

networks. Additionally, the presence of increased coher-

ence might relate to the known association between aut-

ism and epilepsy [78].

This study identified no evidence for consistent latera-

lization among the factor loading patterns and no over-

riding regional involvement. Furthermore, this study

identified no clear inter-relationships among spectral
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bands, number of coherences per factor, nor increased

or decreased coherence. A primary spectral finding was

the dominance of slow beta across all conditions with

the majority of factors manifesting peak loadings in the

slow beta range and far fewer in the fast beta, theta,

alpha and delta ranges, a finding of uncertain clinical

significance. Earlier studies which demonstrated findings

specific to differing scalp regions and spectral ranges

may largely reflect methodological differences as dis-

cussed in the Background.

The most remarkable spectral finding in the current

study was the broad, more than 10 Hz wide, average

spectral range per factor, with factor spectral band-

widths ranging up to 18 Hz. In other words, within the

ASD population coherence patterns tended to be unu-

sually stable across broad spectral ranges, a finding not

reported in previously studied non-ASD populations

whose ages ranged from infancy to adulthood [53,57].

The unusually broad spectral ranges in the ASD popula-

tion, as evidenced for the majority of coherence factors,

may reflect yet another characteristic of abnormal neu-

rophysiology in ASD. An understanding of this unex-

pected finding of unusually broad spectral ranges per

factor may be gained by drawing analogies to and mak-

ing possible inferences from the spectral filtering charac-

teristics of complex systems in electrical and/or

mechanical engineering [79]. A spectral filter may be

defined as a network or circuit that transmits or passes

certain frequencies from its input to its output, its pass

band, while rejecting other frequencies. On an input/

output plot a narrow or sharp filter has a well defined

peak response associated with a rapid fall-off on either

side, that is, a narrow pass-band. A wide or broad filter,

in contrast, possesses a wide pass-band with slow roll-

off on either side of a less distinct peak. The “Q” of a

filter is a dimensionless number that characterizes a

resonant circuit’s bandwidth relative to its center fre-

quency. This feature also serves as an indication of how

damped a circuit may be. As a physical example of a

high Q filter, one might consider a thin, high quality

crystal goblet. As an example of a low Q physical filter,

one might consider a typical, ceramic coffee mug. High

Q circuits are relatively easy to activate, for example,

tapping the crystal goblet causes a sustained ringing of

moderate amplitude at a single frequency reflecting its

narrow pass band and sharp resonance peak, whereas

low Q circuits, for example, tapping the ceramic coffee

mug produce a brief, low amplitude, broad frequency

“thunk” at best. Thus, low Q circuits are more damped

than high Q circuits [79].

Returning to the broad frequency bands identified in

the current study, the complex coherence patterns out-

lined by the factor loadings may serve to identify impor-

tant ‘damped’ processing circuit characteristics within

the ASD-brain. Factor 15 may reflect reduced connectiv-

ity in an important cortical auditory processing circuit.

Although it peaks at 24 Hz, there is very little change in

Factor 15 loading patterns across a wide pass band from

12-30 Hz - the pattern of a putative low Q, wide band-

width, heavily damped system. It may be unusually diffi-

cult for this circuit to be driven into action by external

stimulation, such as speech input. One might speculate

that the typical lack of response to verbal input in aut-

ism may reflect not the absence of needed cortical cir-

cuitry but a poorly responding, low Q circuit response

of language cortex that is postulated to be overly

damped. The autistic auditory cortex may act more like

the coffee mug than the crystal goblet. One might

further speculate that there may be intrinsic biological

factors in the autistic brain that dampen, inhibit or

otherwise limit responsiveness in general, given the

overall wide spectral ranges and predominant decrease

of connectivity that characterize the coherence factor

loading patterns.

Conclusions
Extensive spectral coherence data sets may be reduced

by PCA to a much smaller number of factors accounting

for a large fraction of underlying variance. Such factors,

when treated as variables, significantly separate C-group

from ASD-group children by DFA. Moreover, DFA-

derived discriminant functions reliably classify individual

control-group and ASD-group subjects prospectively as

demonstrated by jackknifing and repetitive split half

replication.

The demonstrated classification stability across repli-

cations suggests that the coherence loading patterns

might constitute a first prototype for an EEG-coher-

ence-based neurophysiological phenotype of ASD.

There appears to be a preponderance of diminished

coherence in ASD patients as others have also reported.

The most utilized factor in DFA, namely Factor 15, pri-

marily represents reduced coherence in the left tem-

poral-frontal regions possibly reflecting altered

connectivity in the Arcuate Fasciculus. It is likely related

to diminished language dysfunction in ASD-patients.

The slow beta spectral band was the most actively

involved, yet the primary spectral finding was that of a

very wide frequency spread that was associated with

most factors. It is speculated that this may represent evi-

dence for overly damped but otherwise intact ASD cor-

tical circuitry, which could explain the delayed,

incomplete responsivity that often characterizes ASD-

patients behaviorally.

It is speculated that spectral coherence data may

prove useful in exploration of similarities and differences

within a broader population of autistic children and

adults. Spectral coherence alone may also assist in the
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early detection of ASD in younger children including

infants and/or it might be helpful in concert with addi-

tional techniques of EEG analysis such as “complexity”

measures [80] among others.

Abbreviations

ADD: attention deficit disorder;ADHD: attention deficit hyperactivity disorder;

ADOS: Autism Diagnostic Observation Schedule; ASD: autism spectrum

disorder; C: control; CHB: Children’s Hospital Boston; CSD: current source

density; df: degrees of freedom; DFA: discriminant function analysis; DMRI:

diffusion MRI; DSM: Diagnostic and Statistical Manual; EEG:

electroencephalogram: electroencephalography; EP: evoked potential; FA:

functional anisotropy (MRI); FFT: Fast Fourier Transform; fMRI: functional MRI;

GDD: global developmental delay; IRB: Institutional Review Board (CHB); IVH:

intraventricular hemorrhage; MRI: magnetic resonance imaging; PCA:

principal components analysis; PDD-nos: pervasive developmental disorder

not otherwise specified; Q: a dimensionless number that characterizes a

resonant circuit’s bandwidth relative to its center frequency (electrical

engineering); SVD: singular value decomposition

Acknowledgements and funding

The authors thank the children and their families who participated in the

studies performed. They further thank registered EEG technologists Herman

Edwards, Jack Connolly and Sheryl Manganaro for the quality of their work

and for their consistent efforts over the years. The authors thank Deborah

Waber, PhD, for availability of control subject data in the 8- to 10-year-old

control population. The authors also wish to thank neuropsychologist Gloria

McAnulty, PhD for her expert neuropsychological assessment of the control-

group subjects above age three years. Younger subjects were behaviorally/

developmentally assessed by the second author. The professionals

acknowledged performed their roles as part of their regular clinical and

research obligations and were not additionally compensated for their

contribution.

This work was supported in part by US Department of Education grants

HO24S90003, H133G50016, and HO23C970032 and National Institutes of

Child Health and Development grants RO1-HD38261 and RO1-HD047730, as

well as grants from the Weil Memorial Charitable Foundation and the Irving

Harris Foundation to Heidelise Als, PhD. It was also in part supported by

National Institutes of Neurological Disorders and Stroke program project

FP01002436 to Deborah Waber, PhD. Additional support was received from

the Intellectual and Developmental Disabilities Research Center grant

HD018655 to Scott Pomeroy, MD.

Author details
1Department of Neurology, Children’s Hospital Boston and Harvard Medical

School, 300 Longwood Ave., Boston, MA 02115, USA. 2Department of

Psychiatry(Psychology), Children’s Hospital Boston and Harvard Medical

School, 320 Longwood Ave., Boston, MA 02115, USA.

Authors’ contributions

FHD and HA contributed to the study’s concept and design, selection of

patients and subjects, and interpretation of results. FHD contributed to

acquisition and preparation of neurophysiologic data and statistical analyses.

FHD had full access to all the data in the study and takes responsibility for

all aspects of the study, including integrity of the data accuracy and the

data analysis. Both authors collaborated in writing and editing the paper

and approved the final manuscript.

Authors’ information

FHD is a physician, child neurologist, clinical electroencephalographer and

neurophysiologist with degrees in electrical engineering and mathematics.

Current research interests are in neuro-developmental disorders and

epilepsy, including the development and utilization of specialized analytic

techniques to support related investigations. HA is a psychologist with

research interests in newborn, infant and child neuro-development,

including generation of early predictors of later outcome from behavioral,

MRI and neurophysiological data.

Competing interests

The authors declare that they have no competing interests.

Received: 1 December 2011 Accepted: 26 June 2012

Published: 26 June 2012

References

1. American Psychiatric Association: In Diagnostic and Statistical Manual of

Mental Disorders Fourth Edition Text Revision (DSM-IV-TR). Edited by:

American Psychiatric Association. Washington, DC: American Psychiatric

Publishing, Inc.; 2000:.

2. Rapin I: Autism. N Engl J Med 1997, 337:97-104.

3. Shah A, Frith U: An islet of ability in autistic children: a research note. J

Child Psychol Psychiatr 1983, 24:613-620.

4. Chakrabarti S, Fombonne E: Pervasive developmental disorders in

preschool children. JAMA 2001, 285:3093-3099.

5. Manning SE, Davin CA, Barfield WD, Kotelchuck M, Clements K, Diop H,

Osbahr T, Smith LA: Early diagnoses of autism spectrum disorders in

Massachusetts birth cohorts, 2001-2005. Pediatrics 2011, 127:1043-1051.

6. Bailey A, Le Couteur A, Gottesman I, Bolton P, Simonoff E, Yuzada E,

Rutter M: Autism as a strongly genetic disorder: evidence from a British

twin study. Psychol Med 1995, 52:63-77.

7. Folstein S, Rutter M: Infantile autism: a genetic study of 21 twin pairs. J

Child Psychol Psychiatr 1977, 18:297-321.

8. Steffenburg S, Gillberg C, Steffenburg U: Psychiatric disorders in children

and adolescents with mental retardation and active epilepsy. Arch Neurol

1996, 53:904-912.

9. Hallmayer J, Cleveland S, Torres A, Phillips J, Cohen B, Torigue T, Miller J,

Fedele A, Collins J, Smith K, Lotspeich L, Croen LA, Ozonoff S, Lajonchere C,

Grether JK, Risch N: Genetic heritability and shared environmental factors

among twin pairs with autism. Arch Gen Psychiatry 2011, 68:1095-1102.

10. Risch N, Spiker D, Lotspeich L, Nouri N, Hinds D, Hallmayer J, Kalaydjieva L,

McCague P, Dimicelli S, Pitts T, Nguyen L, Yang J, Harper C, Thorpe D,

Vermeer S, Young H, Hebert J, Lin A, Ferguson J, Chiotti C, Wiese-Slater S,

Rogers T, Salmon B, Nicholas P, Petersen PB, Pingree C, McMahon W,

Wong DL, Cavalli-Sforza LL, Kraemer HC, et al: A genomic screen of

autism: evidence for a multilocus etiology. Am J Hum Genet 1999,

65:493-507.

11. Sakai Y, Shaw CA, Dawson BC, Dugas DV, Al-Mohaseb Z, Hill DE, Zoghbi HY:

Protein interactome reveals converging molecular pathways among

autism disorders. Sci Transl Med 2011, 3:86, 86ra49.

12. Voineaugu I, Wang X, Johnston P, Lowe JK, Tian Y, Horvath S, Mill J,

Cantor RM, Blencowe BJ, Geschwind DH: Transcriptomic analysis of

autistic brain reveals convergent molecular pathology. Nature 2011,

474:380-384.

13. Herbert MR: Large brains in autism: the challenge of pervasive

abnormality. Neuroscientist 2005, 11:417-440.

14. Pina-Camacho L, Villero S, Fraguas D, Boada L, Janssen J, Navas-Sánchez F,

Mayoral M, Llorente C, Arango C, Parellada M: Autism spectrum disorder:

does neuroimaging support the DSM-5 proposal for a symptom dyad? A

systematic review of functional magnetic resonance imaging and

diffusion tensor imaging studies. J Autism Dev Disord 2011.

15. Anagnostou E, Taylor M: Review of neuroimaging in autism spectrum

disorders: what have we learned and where we go from here. Mol

Autism 2011, 2:4.

16. Chen R, Jiao Y, Herskovits EH: Structural MRI in autism spectrum disorder.

Pediatr Res 2011, 69:63R-68R.

17. Just M, Cherkassky V, Keller T, Kana R, Minshew N: Functional and

anatomical cortical underconnectivity in autism: evidence from an fMRI

study of an executive function task and corpus callosum morphometry.

Cerebral Cortex 2007, 17:951-961.

18. Just MACV, Keller TA, Kana RK, Minshew NJ: Cortical activation and

synchronization during sentence comprehension in high functioning

autism: evidence of underconnectivity. Brain 2004, 127:1811-1821.

19. Ben Bashat D, Kornfield-Duenias V, Zachar DA, Ekstein PM, Hendler T,

Tarrasch R, Even A, Levy Y, Ben Sira L: Accelerated maturation of white

matter in young children with autism: a high b value DWI study.

Neuroimaging 2010, 35:40-47.

20. Cheng Y, Chou KH, Fan YT, Decety J, Lin C: Atypical development of white

matter microstructure in adolescents with autism spectrum disorders.

Neuroimage 2010, 50:873-882.

Duffy and Als BMC Medicine 2012, 10:64

http://www.biomedcentral.com/1741-7015/10/64

Page 16 of 18

http://www.ncbi.nlm.nih.gov/pubmed/9211680?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11427137?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11427137?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21576313?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21576313?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/8815856?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/8815856?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21727249?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21727249?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10417292?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10417292?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21614001?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21614001?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16151044?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16151044?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21501488?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21501488?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21289538?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16772313?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16772313?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16772313?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15215213?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15215213?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15215213?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20074650?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20074650?dopt=Abstract


21. Cantor DS, Thatcher RW, Hrybyk M, Kaye H: Computerized EEG analysis of

autistic children. J Autism Dev Disord 1986, 16:169-187.

22. Murias M, Webb SJ, Greenson J, Dawson G: Resting state cortical

connectivity reflected in EEG coherence in individuals with autism. Biol

Psychiatr 2007, 62:270-273.

23. Coben R, Clarke AR, Hudspeth W, Barry RJ: EEG power and coherence in

autistic spectrum disorder. Clin Neurophysiol 2008, 119:1002-1009.

24. Lazarev VV, Pontes A, Mitrofanov AA, deAzevedo LC: Interhemispheric

asymmetry in EEG photic driving coherence in childhood autism. Clin

Neurophysiol 2009, 121:145-152.

25. Isler JR, Martien KM, Grieve PG, Stark RI, Herbert MR: Reduced functional

connectivity in visual evoked potentials in children with autism

spectrum disorder. Clin Neurophysiol 2010, 121:2035-2043.

26. Sheikhani A, Behnam H, Mohammadi MR, Noroozian M, Mohammadi M:

Detection of abnormalities for diagnosing of children with autism

disorders using of quantitative electroencephalography analysis. J Med

Syst 2010, 36:957-963.

27. Leveille C, Barbeau EB, Bolduc C, Limoges E, Berthiaume C, Chevrier E,

Mottron L, Godbout R: Enhanced connectivity between visual cortex and

other regions of the brain in autism: A REM sleep EEG coherence study.

Autism Res 2010, 3:280-285.

28. Barttfeld P, Wicker B, Cukier S, Navarta S, Lew S, Sigman M: A big-world

network in ASD: dynamical connectivity analysis reflects a deficit in

long-range connections and an excess of short-range connections.

Neuropsychologia 2011, 49:254-263.

29. Srinivasan R, Winter WR, Ding J, Nunez PL: EEG and MEG coherence:

measures of functional connectivity at distinct spatial scales of

neocortical dynamics. J Neurosci Methods 2007, 166:41-52.

30. van Drongelen W: In Signal Processing for Neuroscientists: An Introduction to

the Analysis of Physiological Signals. Volume 5. Oxford: Elsevier; 2011.

31. Nunez PL: Electric Fields of the Brain New York: Oxford University Press; 1981.

32. Happe F, Ronald A, Plomin A: Time to give up on a single explanation for

autism. Nat Neurosci 2006, 9:1218-1220.

33. Milne E: Increased intra-participant variability in children with autistic

spectrum disorders: evidence from single trial analysis of evoked EEG

data. Front Psychol 2011, 2:51.

34. Le Couteur A, Lord C, Rutter M: The Autism Diagnostic Interview-Revised (ADI-

R) Torrance, CA: Western Psychological Services; 2003.

35. Lord C: Autism Diagnostic Observation Schedule-Toddler Module (ADOS-

T). Torrance, CA: Western Psychological Services (WPS); 2009.

36. Lord C, Risi S, Lambrecht L, Cook EH, Leventhal BL, DiLavore PC, Pickles A,

Rutter M: The Autism Diagnostic Observation Schedule-Generic: a

standard measure of social and communication deficits associated with

the spectrum of autism. J Autism Dev Disord 2000, 30:205-223.

37. Press WH, Teukolsky SA, Vetterling WT, Flannery BP: Numerical Recipes in C;

the Art of Scientific Computing. 2 edition. Cambridge, England: Cambridge

University Press; 1995.

38. Duffy FH: Issues facing the clinical use of brain electrical activity. In

Functional Brain Imaging. Edited by: Pfurtscheller G, Lopes da Silva F.

Stuttgart: Hans Huber Publishers; 1988:149-160.

39. Duffy FH, Jones K, Bartels P, McAnulty G, Albert M: Unrestricted principal

components analysis of brain electrical activity: Issues of data

dimensionality, artifact, and utility. Brain Topogr 1992, 4:291-307.

40. Karson CN, Coppola R, Morihisa JM, Weinberger DR: Computed

electroencephalographic activity mapping in schizophrenia. The resting

state reconsidered. Arch Gen Psychiatry 1987, 44:514-517.

41. Zar JH: Biostatistical Analysis Englewood Cliffs, N. J.: Prentice Hall; 1984.

42. Lins OG, Picton TW, Berg P, Scherg M: Ocular artifacts in recording EEGs

and event-related potentials. II: Source dipoles and source components.

Brain Topogr 1993, 6:65-78.

43. Berg P, Scherg M: Dipole modeling of eye activity and its application to

the removal of eye artifacts from EEG and MEG. Clin Phys Physiol Meas

1991, 12(Suppl A):49-54.

44. Perrin F, Pernier J, Bertrand O, Echallier JF: Spherical splines for scalp

potential; and current density mapping. Electroencephalogr Clin

Neurophysiol 1989, 72:184-187.

45. Nunez PL, Silberstein RB, Shi Z, Carpenter MR, Srinvasan R, Tucker DM,

Doran SM, Cadusch PJ, Wijesinghe RS: EEG coherency II: experimental

comparisons of multiple measures. Clin Neurophysiol 1999, 110:469-486.

46. Sun FT, Miller LM, D’Esposito M: Measuring interregional functional

connectivity using coherence and partial coherence analysis of fMRI

data. Neuroimage 2004, 21:647-658.

47. Fiecas FM, Ombao H, Linkletter C, Thompson W, Sanes J: Functional

connectivity: Shrinkage estimation and randomization test. Neuroimage

2010, 49:3005-3014.

48. Fiecas M, Ombao H: The generalized shrinkage estimator for the analysis

of functional connectivity of brain signals. Ann Applied Stat 2011,

5:1102-1125.

49. Duffy FH, McAnulty GM, McCreary MC, Cuchural GJ, Komaroff AL: EEG

spectral coherence data distinguish chronic fatigue syndrome patients

from healthy controls and depressed patients - a case control study.

BMC Neurol 2011, 11:82.

50. Semlitch HV, Anderer P, Schuster P, Presslich O: A solution for reliable and

valid reduction of ocular artifacts, applied to the P300 ERP.

Psychophysiology 1986, 23:695-703.

51. Dixon WJ: BMDP Statistical Software Manual Berkeley: University of California

Press; 1988.

52. Bartels PH: Numerical evaluation of cytologic data. IX. Search for data

structure by principal components transformation. Anal Quant Cytol 1981,

3:167-177.

53. Duffy FH, Jones KH, McAnulty GB, Albert MS: Spectral coherence in normal

adults: unrestricted principal components analysis - relation of factors to

age, gender, and neuropsychologic data. Clin Electroencephalogr 1995,

26:30-46.

54. Golub GH, Kahane W: Calculating the singular values and pseudo-inverse

of a matrix. J Numer Anal 1965, 2:202-224.

55. Kaiser HJ: A Varimax criterion for analytic rotation in factor analysis.

Psychometrika 1958, 23:187-200.

56. Golub GH: Matrix Computations. 2 edition. Baltimore, MD: Johns Hopkins

University Press; 1989.

57. Duffy FH, Als H, McAnulty GB: Infant EEG spectral coherence data during

quiet sleep: unrestricted principal components analysis - relation of

factors to gestational age, medical risk, and neurobehavioral status. Clin

Electroencephalogr 2003, 34:54-69.

58. Cooley WW, Lohnes PR: Multivariate Data Analysis New York: J. Wiley and

Sons; 1971.

59. Bartels PH: Numerical evaluation of cytologic data IV. discrimination and

classification. Anal Quant Cytol 1980, 2:19-24.

60. Marascuilo LA, Levin JR: Multivariate Statistics in the Social Sciences, A

Researchers Guide Monterey, CA: Brooks/Cole Publishing Co.; 1983.

61. Lachenbruch PA: Discriminant Analysis New York: Hafner Press; 1975.

62. Lachenbruch P, Mickey RM: Estimation of error rates in discriminant

analysis. Technometrics 1968, 10:1-11.

63. Duffy FH, Burchfiel JL, Lombroso CT: Brain electrical activity mapping

(BEAM): A method for extending the clinical utility of EEG and evoked

potential data. Ann Neurol 1979, 5:309-321.

64. Duffy FH, Bartels PH, Burchfiel JL: Significance probability mapping: an aid

in the topographic analysis of brain electrical activity. Electroencephalogr

Clin Neurophysiol 1981, 51:455-462.

65. Hughes JR: EEG in Clinical Practice. 2 edition. Boston: Butterworth-Heineman;

1994.

66. Gasser T, Verleger R, Bacher P, Sroka L: Development of the EEG of school-

age children and adolescents. I. Analysis of band power.

Electroencephalogr Clin Neurophysiol 1988, 69:91-99.

67. Matthis P, Scheffner D, Benninger C, Lipinski C, Stolzis L: Changes in the

background activity of the electroencephalogram according to age.

Electroencephalogr Clin Neurophysiol 1980, 49:626-635.

68. Whiteley P, Todd L, Carr K, Shattock P: Gender ratios in autism, Asperger

syndrome and autism spectrum disorder. Autism Insights 2010, 2:17-24.

69. Miles TR, Haslum MN, Wheeler TJ: Gender ratio in dyslexia. Ann Dyslexia

1998, 48:27-55.

70. Rutter M, Caspi A, Fergusson D, Horwood LJ, Goodman R, Maughn B,

Moffitt TE, Meltzer H, Carroll J: Sex differences in developmental reading

disability: New findings from 4 epidemiological studies. JAMA 2004,

291:2007-2012.

71. Wing L, Gould J, Gillberg C: Autism spectrum disorders in the DSM-V:

better or worse than the DSM-IV? Res Dev Disabil 2011, 32:768-773.

72. Belmonte MK, Allen G, Beckel-Mitchener A, Boulanger LM, Carper RA,

Webb SJ: Autism and abnormal development of brain connectivity. J

Neurosci 2004, 24:9228-9231.

Duffy and Als BMC Medicine 2012, 10:64

http://www.biomedcentral.com/1741-7015/10/64

Page 17 of 18

http://www.ncbi.nlm.nih.gov/pubmed/3722118?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3722118?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18331812?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18331812?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19951847?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19951847?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20605520?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20605520?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20605520?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20711644?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20711644?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20717953?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20717953?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21110988?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21110988?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21110988?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17698205?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17698205?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17698205?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17001340?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17001340?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21716921?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21716921?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21716921?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11055457?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11055457?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11055457?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/1510873?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/1510873?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/1510873?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3495249?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3495249?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3495249?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/8260328?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/8260328?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/1778052?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/1778052?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/2464490?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/2464490?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10363771?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10363771?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/14980567?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/14980567?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/14980567?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20006714?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20006714?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21722376?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21722376?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21722376?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3823345?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/3823345?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7027855?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7027855?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7882541?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7882541?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7882541?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12784903?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12784903?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12784903?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6990845?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6990845?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/443765?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/443765?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/443765?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6165544?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6165544?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/2446839?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/2446839?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6158442?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/6158442?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15113820?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15113820?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21208775?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21208775?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15496656?dopt=Abstract


73. Cherkassky VL, Kana RK, Keller TA, Just MA: Functional connectivity in a

baseline resting-state network in autism. NeuroReport 2006, 17:1687-1690.

74. Courchesne E, Pierce K: Why the frontal cortex in autism might be talking

only to itself: local over-connectivity but long distance disconnection.

Curr Opin Neurobiol 2005, 15:225-230.

75. Markram H, Rinaldi T, Markram K: The intense world syndrome - an

alternative hypothesis for autism. Front Neurosci 2007, 1:77-96.

76. Wicker B, Fonlupt P, Hubert B, Tardif C, Gepner B, Deruelle C: Abnormal

cerebral effective connectivity during explicit emotional processing in

adults with autism spectrum disorder. Soc Cogn Affect Neurosci 2008,

3:135-143.

77. Fletcher PT, Whitaker RT, Tao R, DuBray MB, Froehlich A, Ravichandran C,

Alexander AL, Bigler ED, Lange N, Lainhart JE: Microstructural connectivity

of the arcuate fasciculus in adolescents with high-functioning autism.

Neuroimage 2010, 51:1117-1125.

78. Spence SJ, Schneider MT: The role of epilepsy and epileptiform EEGs in

autism spectrum disorders. Pediatr Res 2009, 65:599-606.

79. Fink DG, Beaty HW: Standard Handbook in Electrical Engineering. 15 edition.

New York, NY: McGraw-Hill Professional; 2006.

80. Bosl W, Tierney A, Tager-Flusberg H, Nelson C: EEG complexity as a

biomarker for autism spectrum disorder risk. BMC Med 2011, 9:18.

Pre-publication history

The pre-publication history for this paper can be accessed here:

http://www.biomedcentral.com/1741-7015/10/64/prepub

doi:10.1186/1741-7015-10-64
Cite this article as: Duffy and Als: A stable pattern of EEG spectral
coherence distinguishes children with autism from neuro-typical
controls - a large case control study. BMC Medicine 2012 10:64.

Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit

Duffy and Als BMC Medicine 2012, 10:64

http://www.biomedcentral.com/1741-7015/10/64

Page 18 of 18

http://www.ncbi.nlm.nih.gov/pubmed/17047454?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17047454?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15831407?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15831407?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18982120?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18982120?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19015104?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19015104?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19015104?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20132894?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20132894?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19454962?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19454962?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21342500?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21342500?dopt=Abstract
http://www.biomedcentral.com/1741-7015/10/64/prepub

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study population
	Patients with ASD
	Healthy controls
	Institutional Review Board approvals

	Measurements and data analysis
	EEG data acquisition
	Measurement issues and solutions
	Prevention of capitalization upon chance: Variable number reduction by creation of coherence factors
	Data analysis
	Age grouping


	Results
	Generation and selection of spectral coherence variables
	Analysis of entire 2- to 12-year-old sample analyses: two group DFA, 40 coherence factors
	All 40 variables forced to enter
	Split half replication with variable stepping

	Age subgroup analyses, two group dfa, 40 coherence factors
	Ages 2 to 4 years
	Ages 4 to 6 years
	Ages 6 to 12 years

	Characteristics of coherence factor differences between ASD- and control-groups
	Direction of coherence change for ASD- compared to C-group subjects
	Electrode Involvement and Direction of Coherence Change
	Spectral bands involved
	Factor inter-electrode distance, loading polarity, and spectral association
	Number of coherence loadings per factors and spectral relationship
	Most useful factors


	Discussion
	Methodological contributions
	Study goals and findings

	Conclusions
	Acknowledgements and funding
	Author details
	Authors' contributions
	Authors' information
	Competing interests
	References
	Pre-publication history

