To be published as a chapter in “Introduction to QEEG and Neurofeedback:
Advanced Theory and Applications” Thomas BudzinskyH. Budzinski, J. Evans
and A. Abarbanel editors, Academic Press, San Dieg@alif (In Press 2008).

HISTORY OF THE SCIENTIFIC
STANDARDS OF QEEG
NORMATIVE DATABASES

Thatcher, R.W. *?and Lubar, J.F.2

Department of Neurology, University of South Florida College of Medicine, Tampa,
FI.' and EEG and Neurolmaging Laboratory, Applied Neurascience, Inc., St.
Petersburg, Ff , Brain Research and Neuropsychology Lab, Universi of
Tennessee, Knoxville, TR

Send Reprint Requests To:

Robert W. Thatcher, Ph.D.
Neurolmaging Laboratory

Applied Neuroscience, Inc.

St. Petersburg, Florida 33722

(727) 244-0240, rwthatcher@yahoo.com



Abstract

The nearly 40 year history of quantitative EEG (@gBormative databases are
reviewed with special emphasis on the implemematioscientific and statistical
standards. Differences between normative datskask standard control studies are
discussed. The application of scientific and statal standards such as peer reviewed
publications, inclusion/exclusion criteria, numioéisubjects per age group, Gaussian
tests for normality, cross-validation tests, anilimatching, clinical correlations and
FDA registration are presented in a historical eght A check list of “Gold Standards”
for the evaluation of QEEG normative databasesasgnted in which the more checks
then the higher the scientific and statistical deads for a given normative database.
The goal of the paper is to provide an historieakpective and brief review of QEEG
normative databases in order to encourage botls aserauthors of normative databases

to strive for standardization.

Key words: QEEG normative database, cross-validaBaussian

distributions



Introduction

Normative reference databases serve a vital andriant function in modern
clinical science and patient evaluation. Theeerarmerous clinical normative databases
that aid in the evaluation of a wide range of clahidisorders. For example, blood
constituent normative databases, MRI, fMRI and tP@siemission tomography (PET)
normative databases, ocular and retinal normatabédses, blood pressure normative
databases, nerve conduction velocity normativebdates, postural databases, bone
density normative databases, ultra sound normdata@bases, genetic normative
databases and motor development normative datgliasesme a few. A comprehensive
survey of existing clinical normative databasesloambtained by searching the National
Library of Medicine’s database using the searcimgeiNormative Databases” at:

http://www.ncbi.nlm.nih.gov/sites/entrez

All clinically applied normative databases shammmon set of statistical and
scientific standards that have evolved over thesyed@he standards include peer
reviewed publications, disclosure of the inclusex@lusion criteria, tests of statistical
validity, tests of reliability, cross-validationsts, adequate sample sizes for different age
groups, etc. Normative databases are distinot fion-clinical control groups in their
scope and their sampling restriction to clinicaltymal or otherwise healthy individuals
for the purpose of comparison. Another distingung characteristic of normative
databases is the ability to compare a single idd&fito a population of “normal”
individuals in order to identify the measures thig deviant from normal and the
magnitude of deviation. Normative databases #edves do not diagnose a patient’s

clinical problem. Rather, a trained professiomak fevaluates the patient’s clinical



history and clinical symptoms and complaints arehthses the results of normative
database comparisons in order to aid in the dewsop of an accurate clinical diagnosis.
As mentioned previously the age range, the numbsamples per age group, the
mixture of gender and socioeconomic status, geddgabdistribution and thus a
“representative” population are also distinguishth@racteristics of a “normative”
database because an individual is compared tougp griosubjects comprising a reference
normative database. In the case of QEEG, matdfiagplifier frequency
characteristics when a patient's EEG was acquiyea different amplifier than the
database amplifier is also critical for normatiaabases but rarely important for
standard “control group” studies. Cultural andhéthactors and day-to-day variance and
random environmental factors are typically factorgd “normative” databases as
“random control” factors, in contrast, a more liedtsampling process is often used in
non-clinical “control groups”. The adequacy o ttample size of any database is
related to the “effect size” and the statisticalvpoand thus sample size varies depending
on these factors (Cohen, 1977). In general, sasipéeis less important than careful
calibration, elimination of artifact, accepted stards during the collection of data and
accepted standards for the analysis of data an@pgation to a Gaussian distribution.
Peer reviewed publications are essential for dlolzses because high standards are
required by anonymous reviewers and scientificalllg-standard databases will either not
be published or if they are then the limitations exade public. To not publish a
normative database in a peer reviewed journal & ceptable and is a non-starter when a
clinician considers the database that they areggmiuse to evaluate a patient. State

licensing agencies and other authorities shoulddbéied when sub-standard databases



are used to evaluate a clinical patient and céytaigned informed consent informing

the patient that an unpublished and/or sub-standi@iabase is being used to evaluate the
patient is necessary to protect the public.

Definitions of Digital EEG and Quantitative EEG (QEEG)

Nuwer (1997) defined digital EEG as “. . . . ttepprless acquisition and
recording of the EEG via computer-based instruntemtawith waveform storage in a
digital format on electronic media, and waveformpiy on an electronic monitor or
other computer output device.” The primary pugsosf digital EEG is for efficiency of
storage, the saving of paper and for the purposeisual examination of the EEG
tracings. An attempt was made to distinguishtdigtEG from quantitative EEG by
defining quantitative EEG (QEEG or gEEG) as “théhmanatical processing of digitally
recorded EEG in order to highlight specific waveiawomponents, transform the EEG
into a format or domain that elucidates relevafgrimation, or associate numerical
results with the EEG data for subsequent revieaoanparison.” (Nuwer, 1997) (at p.
278). The reality is that there is no clear digion between digital EEG and
guantitative EEG because both involve mathematiiaakformations. For example, the
process of analog-to-digital conversion involvessforms by analog and digital filtering
as well as amplification and sample and hold ofeleetrical scalp potentials and re-
montaging and reformatting the EEG. Clearlyjtdig=EG involves mathematical and
transformational processing using a computer aacktare the distinction between

guantitative EEG and digital EEG is weak and anitai



Simultaneous Digital EEG Tracings and QuantitativeEEG
Figure one illustrates a common modern quantegafiZG analysis where EEG
traces are viewed and examined at the same timeuhatitative analyses are displayed

S0 as to facilitate and extend analytical power.

Conventional EEG QEEG

[ cfLher\Robert Thaicher\DeskioplEEG CLINIC REPORTSVOMTANFMO- P\ Dermo THLn:
File [dt Veew CoBection Montage Anshywis Bepost
Scda V)
| = FPIAL WHHM‘\I'
Ede Tima

BTy wﬁw"‘-"\.\'u'mfnﬁ: >

e et TR SRR L
| | rue AR Py e A
:_',L"'E“M'E"g:""d | po ot afv"‘i.mw"n.-'\f"i ,n.f-'\_._-l,«
|5 |

(| rgToe s | e ferapliy MR A AL

| o oot p s . |
A cait ol i \'E,erk_ﬂﬁf“'ﬂ-\ﬂ""-.\f‘lk Wl e and Wive “’l""‘l-,""\'-"f'\f"\r’“‘l)'\'“nf'-“.

| :?DE]E' e \,""J“g"tlr’. A o e e :'r:::::w R T I
Ve A AP M s At A !

i R w\w.f B T s (W R L |

||F#2 o3 N ok -
392 | oot ey ey '\‘k_;.,\w&-{"” Micp R P A et | = |
748 Ay b AN Tt compten i Vet e i
FLLE MM‘J'L- \H'”"MM\#"‘WM-\‘M Eye Blnk Ry, J“""‘“‘"‘VM
Eye Movemens {
B B o R T e I
ress Pty S A oot e f::mmm ey, e
THE b L Mt AN e i Ty Umpecied Pty ot M b
B L At A L R R e Y A
P vﬂ,lﬁ,"’\' WWI“M\'W\J- { WJWM{HU.-_MJ"\J\;\“\JV'\.M“)L%A_."m. : ! A,,\I ) g
ot bt A gt Al i et p S, AR A e e e | R LY ,ﬂﬁi:.?'\-l{r;}g;r};'ﬁ'?'-‘-":’,-':“‘fs_
o ; | T R NS R [
otk N AN ALV Nt WM{WA'JWFNWAPNMW_MMIW‘JM \/ \‘53: CRETE V)
[Thetts Bt -
] T T g S S R LR 2

Fig. 1 — Example of conventional digital EEG (ledt)d QEEG (right) on the same screen at the sanee ti
The conventional EEG includes examination and markif EEG traces and events. The QEEG (right
includes the Fast Fourier Transform (Top right) andmative database Z scores (Bottom right).

Commonsense dictates that the digital EEG and Q&BE€h simultaneously
available facilitates rapid and accurate and ridialvaluation of the
electroencephalograpm. Since 1929 when the hurg&hvas first measured (Berger,
1929) modern science has learned an enormous arabout the current sources of the

EEG and the manner in which ensembles of synaptiemgtors are synchronously



organized. Itis known that short distance |ggaterators are connected by white matter
axons to other local generators that can be mamyneeters distant. The interplay and
coordination of short distance local generatorfiwhe longer distant white matter
connections has been mathematically modeled andrstmbe essential for our
understanding of the genesis of the EEG (Nunez];1P895; Thatcher and John, 1977,
Thatcher et al, 1986).

The first QEEG study was by Hans Berger (1932; 198%n he used the Fourier
transform to spectrally analyze the EEG becaus@&eénger recognized the importance of
guantification and objectivity in the evaluationtbé electroencephalogram (EEG). The
relevance of quantitative EEG (QEEG) to the diaghasd prognosis of brain
dysfunction stems directly from the quantitative@&g&ability to reliably and objectively
evaluate the distribution of brain electrical enesgand to compare different EEG

measures to a normative database.

Test-Retest Reliability of QEEG

The clinical sensitivity and specificity of QEEGdsectly related to the stability
and reliability of QEEG upon repeat testing. Theestific literature shows that QEEG is
highly reliable and reproducible (Hughes and JA®99; Aruda et al, 1996; Burgess and
Gruzelier, 1993; Corsi-Cabera et al, 1997; Gassal, €985; Hamilton-Bruce et al,
1991; Harmony et al, 1993; Lund et al, 1995; Dwfyal, 1994; Salinsky et al, 1991,
Pollock et al, 1991). The inherent stability aatiability of QEEG can even be
demonstrated with quite small sample sizes. Famgte, Salinsky et al (1991) reported
that repeated 20-second. samples of EEG were &R@étireliable, at 40 seconds the

samples were about 90% reliable and at 60 secbegsnere approximately 92%



reliable. Gasser et al (1985) concluded that:s@€. of activity are sufficient to reduce
adequately the variability inherent in the EEG” dtamilton-Bruce et al, (1991) found
statistically high reliability when the same EEGswadependently analyzed by three
different individuals. Although the QEEG is highigliable even with relatively short
sample sizes, it is the recommendation of most QEHKgerts that larger samples sizes be
used, for example, at least 60 seconds of artifaetEEG, and preferably 2 to 5 minutes,
should be used in a clinical evaluation (Duffy et1l®94; Hughes and John, 1999).

Although there are common purposes and applicabbnsrmative databases in
clinical science, nonetheless, each type of nokmatatabase poses its own special
requirements and details. In the sections tovolie focus exclusively on quantitative
electroencephalographic (QEEG) normative databaBles.goal of this paper is to
present the history of the application of scieatffiandards as they apply to QEEG and to
provide a practical guide for the understanding evaluation of QEEG normative
databases.
History of Standards of QEEG Normative Databases

The earliest quantitative EEG (QEEG) reference matinra database was
developed in the 1950s at UCLA as part of the NAB#Aly and selection of astronaughts
for purposes of space travel (Adey et al, 19614898964b). The UCLA database
involved several hundred carefully selected subjedto were candidates for the
burgeoning NASA space exploration program as wel&LA faculty and students.
Careful clinical inclusion and exclusion criteri@me not used because there was no
intended clinical application of this early QEEGearence normative database. Instead,

the essential quantitative foundations of QEEG radive databases were tested such as



the calculation of means and standard deviatiodswasures of Gaussianity, complex
demodulation, Fourier spectral analysis and baaitstical parameters necessary for any
reference normative database.

Predictive accuracy and error rates depend onateettat make up a given EEG
database as well as the statistical methods useddnce and compare QEEG normative
databases. Historically, many of the statisticahdards of normative databases were first
applied by two Swedish Neurologist, Dr. Milos Mageld and Dr. Ingemar Petersen in
1973 in the first peer reviewed publication of amative database (Matousek and
Petersen, 1973a; 1973b). Matousek and Petersdmesgtandards of peer reviewed
publications, clinical inclusion/exclusion criteaad parametric statistical standards for
future QEEG normative databases. The culturadligland reliability of the Matousek
and Petersen 1973 database were established lyyEloRn and colleagues in 1975
when they successfully replicated, by independesgs:validation, the Matousek and
Petersen Swedish database after collecting EEG ¢ayefully screened 9 to 11 year old
Harlem black children who were performing at gréales| and had no history of
neurological disorders (John, 1977; John et al719987).

History of Inclusion/Exclusion Criteria and “Representative Samples”

Matousek and Petersen (Matousek and Petersen, ;1P¥32b) measured QEEG
in 401 subjects (218 females) ranging in age framo&ths to 22 years and living in
Stockholm, Sweden all without any negative cliniciztories and performing at grade
level. The sample sizes varied from 18 to 49 meryear age groupings. Similar
inclusion/exclusion criteria were later used in tlo@struction of the NYU normative

database (John, 1977; John et al, 1977; 1987Yihesrsity of Maryland (UM) database
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(Thatcher, 1988; Thatcher et al, 1983; 1986; 12803; 2005a; 2005b) and Gordon and
colleagues (2005) in the development of indepen@&&EG normative databases.
Careful screening of the subjects that comprisermative database is critical so that
representative samples of healthy and otherwisealdy functioning individuals are
selected and individuals with a history of neuratagjproblems, psychiatric problems,
school failure and other deviant behaviors areusied.

Representative sampling means a demographicaiymbatl sample of different
genders, different ethnic backgrounds, differegie@conomic status and different ages.
This is important in evaluating a QEEG normativeatlase because the database is a
“reference” in which many demographic factors mhesincluded in order to minimize
sampling bias.

History of Artifact Free Data and Reliability Measures

Sample adequacy in a QEEG normative databaseesairict removal of
artifact and measures of high test re-test reltgbil Historically, multiple trained
individuals visually examined the EEG samples fieach and every subject that was to
be included in the database. Removal of artlbgctisual examination is necessary
regardless of any digital signal processing methbdsmay be used to remove artifact.
Split-half reliability and test re-test reliabilityeasures with values > 0.9 is also
important in order to provide a quantitative measafrthe internal consistency and
reliability of the normative database (John, 12J6hn et al, 1987; Thatcher, 1998;
Thatcher et al, 2003; Duffy, 1994).

Caution should be exercised when using recongdruatethods such as

Independent Components Analysis (ICA) or Principamponent Analysis (PCA) to
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compute a QEEG normative database. In generake timethods should be avoided
because they will invalidate the computation ofer@mce and phase differences because
the regression and reconstruction effects the ligitatisamples themselves and distorts
coherence and phase. The best method of elimgnattifact is by making sure that high
standards of recording are met and that the p&iBiG is monitored during recording
so that artifact can be minimized. Eliminationadtifact after recording should involve
the deletion of the artifact from the analysis aontlby regression and/or reconstruction
using methods such as ICA or PCA.
History of Sample Size per Age Group

There is no absolute sample size that is best QEBG database because
statistically sample size is related to the “eff@ze” and “power” (Hayes, 1973; Winer,
19971). The smaller the effect size then thediatige sample size necessary to detect
that effect. The power of a statistical measuames as a function of sample size and the
effect size (Cohen, 1977). Another issue relabeshimple size is the degree to which a
sample approximates a Gaussian distribution. xftaeed in the section below,
increased sample size is often necessary in codsttieve closer approximations to
Gaussian which in turn is related to the accurdayass-validation. Thus, the sample
size is one of several inter-related issues in@inative databases and the sample size
should not be singled out as being the most impofeetor in a QEEG normative
database. It is best to refer to “adequate” sarsple as measured by the extent to which
the samples are Gaussian and the degree of crbdativan accuracy (John et al, 1987,

Thatcher et al, 2003). The term “adequate” iatesl to the effect size, which in the case
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of human development is critical because differatés of maturation occur at different
ages.

As mentioned previously, the Matousek and PetegfE@n3a; 1973b) normative
QEEG database had a total sample size of 401 ldrehiranging in age from 1 month to
22 years. It was known that there are rapid ceamg EEG measures during early
childhood and for this reason Matousek and Petdfis®r8a) and Hagne et al (1973)
emphasized using relatively large sample sizesiduhe period of time when the brain
is changing most rapidly. For example, Hagnd €%/3) used a sample size of N = 29
for infants from three weeks of age to 1 year @.atn step with this fact were the
subsequent QEEG normative databases at NYU (Jaddn¥177; 1987) and UM
(Thatcher, 1998; Thatcher et al, 1987; 2003) incwlihe preferential increase in sample
size during early childhood was emphasized as agetluring old age when potential
rapid declines in neural function may occur.

History of Age Stratification vs. Age Regression

There are two general approaches that deal witisthue of sample size per age
group: 1- Age stratification and, 2- Age Regressidge stratification involves
computing means and standard deviations of agegrgsi of the subjects (Matousek and
Petersen, 1973a; John, 1977; Thatcher et al, ZI8&). The grouping of subjects and
thus the number of subjects per age group depantisecage of the sample and the
relative rate of maturation. Matousek and Pete($873a; 1973b) used one year age
groupings, Thatcher et al (1987) (University of Mand database) used one year age
groupings as well as two and five year age group(fi@patcher et al, 2003; 2005a,;

2005b). A simple method to increase stability aaohple size is to use “sliding”
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averages for the age stratification. For examphatcher et al (2003) used one year age
groups with .75 year overlapping to produce a sasfesliding averages and more
recently used two year age groupings with .75 gearlapping. Which method is
chosen depends on the accuracy of cross-validatidrage resolution with careful
examination of validation at different ages of subjects.

The second method called “Age Regression” wasdisst by John et al (1977;
1980) in which a least squares regression wastoskd straight line to the EEG data
samples over the entire age range of the subjeGtsce the intercepts and coefficients
are computed then one simply evaluates the polyalaquation using the age of the
subject in order to produce the expected mean tandard deviation for that particular
subject. A Z score is then computed by the stahoethod Z = X — x/sd. An important
consideration when using an age regression methiteiorder of the polynomial and the
amount of variance accounted for by a polynomililthere are rapid maturational
changes in the brain thus producing a “growth Sgbén a simple linear regression is
likely to miss the growth spurt. A quadratic alba polynomial which will account for
more of the variance over age will likely deteah\gth spurts better than a simple linear
regression.
History of Gaussian Distribution Approximation and Cross-Validation

The statistics of replication and independentnadidation of normative QEEG
databases was first applied by E. Roy John andlmmiators in 1974 to 1977 (John,
1977; John et al, 1977; 1987). As mentioned presty, the first independent cross-
validation of a normative QEEG database was by Jolthcolleagues in which the EEG

from a sample of New York Harlem black children weompared to the Matousek and
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Petersen (5, 6) norms with correlations > 0.8 imynastances and statistically
significant correlations for the majority of the aseires (John, 1977). The importance of
approximation to a Gaussian distribution was emigkdsy both Dr. E. Roy John and
Dr. Frank Duffy a Harvard Neurologist in the 19&40&l 1980s. In 1994 the American
EEG Association produced a position paper in whiehstatistical standards of
replication, cross-validation, reliability and Gais approximation were iterated as
acceptable basic standards to be met by any naten@iEEG database (Duffy, 1994).
The American EEG Society included the same stasddbd. John and colleaques from
1980 to 1990s continued to evaluate and analyzstétistical properties of normative
QEEG databases, including EEG samples obtaineddifierent laboratories in non
USA locations in the world. Gaussian approximasi and reliability and cross-
validation statistical standards for QEEG databasse applied to all of these databases
by John and Colleagues (John et al, 1987; 1986h&pi 2005) and as well as by other
QEEG normative databases, for example, Gassel(£#988a; 1988b); Thatcher and
colleagues (1983; 1986; 1987; 2003; 2005a; 2005hb).

Figure 2 are examples of approximate Gaussianhlisons and the sensitivity as
calculated in figure 3. Table I is an exampleao$standard table of sensitivities for
different age groups in the University of MarylaQ&EEG normative database (Thatcher

et al, 2003).
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Cross-Validation Lifespan EEG Normative Database
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Fig. 2 - Histograms of the Z-Score Gaussian distiims and cross-validation for all ages (from That
et al, 2003).

Figure 3 shows an example of Gaussian approximatioincross-validation of a

QEEG normative database.
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Sensitivity Based on Deviation from Gaussian
Cross-Validation Accuracy N =625 Subjects
False. Neg. = (2.3 - 1.98) = .32 False Pos. = (288 -2.3)= 6

Expected = + 2.3%
{Observed = + 2.58%)

Expected = - 2.3%
{Observed = - 1.98%)

3 2 A 1] 1 2 3

£ Scores
-1.96 5.0. +1.96 5. D.

True Positive = (100 - {1.98 + 2.88) = 95.14%

TP 9514
Sensitivity = = = 98.96%
TP +(FP + FNj) 95.14+10
Specificity = ---—--mmmmn TN --------- = Undefined

TN + (FP + FN)

Fig.-3 An examplef a normal or Gaussian curve showing values af2.96), that includes the
proportion which is .95 of the total area. The &ftl right tails of the distribution show probatyilvalues
of .025 (one-tailed). The classification accyratany sample of subjects is based on the assomot a
normal distribution can be compared. The probighilf finding an observed EEG value in a given &ng
of any population can be determined and then thsits@ty of the sample can be tested by crossdadion
(adapted from Thatcher et al, 2003).

Figure 3 is an illustrative bell-shaped curve simyithe ideal Gaussian and the
average cross-validation values of the databasehiigh estimates of statistical
sensitivity can be derived. True positives equalghrcentage of Z-scores that lay within
the tails of the Gaussian distribution. False negat(FN) equal the percentage of Z-
scores that fall outside of the tails of the Gaasslistribution. The error rates or the
statistical sensitivity of a quantitative electroephalogram (QEEG) normative database

are directly related to the deviation from a Gaasslistribution. Figure 3 depicts a
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mathematical method of estimating the statistieakgivity of a normative EEG database

in terms of the deviation from Gaussian.

FFT Normative Database Sensitivities

2 STDEVs CALC SEMSITWITY: FP=TR/TP+FF) or FN=TR/TP+FN)

AGES (+- 2 €D) (>=2 SD) (<= -2 5D}

0-5.99 0.95445265 09771774 0.97730526

£-3.99 095440363 05772031 ns7rzonse - 2 Std. Dev.
10-12.99 0.9543997 0.97724345 0.97715624

13-15.99 0.95440512 0.97723601 0.97716911

16-ADULT 0.9543945 097718143 0.97721307

ALL 0.95442375 0.97720714 0.97721661

3 STDEVs CALC SEMSITWITY: FP=TR/TP+FF) or FN=TR/TF+FN)

AGES (+- 3 €D) (>= 3 SD) (<= -3 ED)

0-5.99 0.99743898 0.99871123 0.99672774

£-3.99 099744112 099871611 ngog7asnt - 3 Std. Dev.
10-12.99 0,957 44568 0.99873171 0.99871518

13-15.99 0.99743186 0.99871951 0.99871234

16-ADULT 0.99743835 0.99870216 0.99873619

ALL 0.99744002 0.99871716 0.99872266

Table | — Example of cross-validation and sendititésts of a normative database using the proesdur
described in Figure 3. (Adapted from Thatcher gp@03).

History of the use of the Z Score and QEEG Normate Databases

Matousek and Petersen (1973a; 1973b) computedsnaeahstandard deviations
in one year age groups and were the first to west$-and Z scores to compare an
individual to the normative database means andlatdrdeviations. The T-Test is
defined as the ratio of the difference betweenesbllivided by the standard deviation.

The Z statistic is defined as the difference betwtae value from an individual and the
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mean of the population divided by the standardatean of the population or

z=%"%
SD

John and colleques (John, 1977; John et al, 1987)lexpanded on the use of the Z
score for clinical evaluation including the usamiltivariate measures such as the
Mahalanobis distance metric (Cooley and Lohnes119@hn et al, 1987; John et al,
1988). A direct normalization of the Gaussianristtion using Z scores is useful in
comparing individuals to a QEEG normative datalf@abatcher, 1998; Thatcher et al,
2003). That is, the standard score form of thesSian is where the mean = 0 and
standard deviation = 1 or, by substitution into @eussian equation for a bell shaped

curve, then

- 2z2/2

e , where Y = Gaussian distribution and the Z si®@gedeviation in

VL
J2p
standard deviation units measured along the basefithe Gaussian curve from a mean
of 0 and a standard deviation = 1 and deviatiorteeaight of the mean being positive
and those to the left negative. By substitutirfiedent values of Z then different values
of Y can be calculated. For example, when Z ¥ 6,0.3989 or, in other words, the
height of the curve at the mean of the normal ithistion in standard-score form is given
by the number 0.3989. For purposes of assessingtaa from normal, the values of Z
above and below the mean, which include 95% oftka of the Gaussian is often used
as a level of confidence necessary to minimize Tyged Type 1l errors (Hayes, 1973).
The standard-score equation is also used to cragtate a normative database which
again emphasizes the importance of approximati@en@aussian for any normative

QEEG database.
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Cross-Validations of Normative Databases: New YorkJniversity and University of
Maryland

As described previously, cross-validation is caltim determining the sensitivity
and false positives and false negatives of a navendatabase. Due to the expense to
acquire independent data, most cross-validatioms@mnputed using a leave-one-out
cross-validation procedure (John et al, 1977; 198atcher et al, 2003; 2005a; 2005b).
A completely independent cross-validation usindedént subjects is the best method of
cross-validation although it is, as previouslyetiatmore expensive and difficult and,
accordingly, no independent cross-validations af tifferent normative databases have
been conducted in the last 30 years, until recentty2007 an independent cross-
validation of the New York University and the Unisy of Maryland databases were
conducted. The study was conducted because patgniad collected raw digital EEG
from several hundred clinical patients and had astegbZ scores using the New York
University (NYU) normative database (John, 197'hnJet al, 1977; 1987; 1988). The
guestion was: does the University of Maryland (UMymative database produce similar
of comparable Z scores as the NYU database usmgaime exact raw digital data? The
correlation coefficients from the independent creatsdation between the NYU and UM
normative databases is shown in Table Il. Thdyarsaincluded 332 psychiatric patients
and an age range from 6.2 years to 84.9 yearseriédnincludes electrodes Fpl/2, Fz,
F3/4, F7/8, T3/4, C3/4 & Cz. Posterior includescélodes O1/2, P3/4, T5/6 and Pz.
The correlations ranged from 0.757 to 0.979. Tigh Hegree of cross-validation
accuracy in this study is emphasized by the faatdh331 degrees of freedom a

correlation of 0.142 is significant at P < .01.
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Correlation Coefficients from an Independent Crdasidation of NYU vs UM
Normative EEG Databases (Reprinted by permissiddN$ Response, Inc.)

Absolute| Absolute| Relative | Relative | Coherence Coherence Amp. Amp.

Power Power Power | Power Asym Asym

Anterior | Posterior Anterior | Posterior| Anterior Posterior | Anteriof Posterior
Delta | 0.815 0.880 0.854 0.925 0.804 0.935 0.854 2.8
Theta| 0.926 0.940 0.877 0.895 0.853 0.914 0.902 160.8
Alpha | 0.951 0.958 0.901 0.887 0.873 0.046 0.899 0.97
Beta | 0.820 0.882 0.757 0.784 0.848 0.900 0.846 60.87

Figure 4 are bar graphs of the correlation coieffits from the independent cross-

validation comparison between the NYU and the UBtd@res. This study is important

because it demonstrates a high degree of crosskation and cross-validation between

two independent QEEG normative databases.

BetiNYU and UM databases were

constructed in medical centers with governmenttgrand oversight and both have been

clinically validated in peer reviewed publicatio@d@®hn et al, 1977; 1987; 1988| Thatcher

et al, 1986; 1987; 2003; 2005b) as well has haking registration.
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Fig. 4 — Results of an independent cross-validatimmparison of Z scores from 332 psychiatric pasien
ranging in age from 6.2 years to 84.9 years usieg\tYU and UM normative databases. Anterior and
posterior refers to the anterior and posteriortioceof electrodes. Highly significant independerdss-

validation of was observed which shows the highrée@f consistency between two peer reviewed and
clinically validated QEEG normative databases. pfiReed with permission from Brian McDonald, CNS
Response, Inc.

History of Amplifier Matching and QEEG Normative Databases

Surprisingly, this particular standard was largedglected during much of the
history of QEEG normative databases. E. Roy dofthcolleagues (1982 to 1988)
formed a consortium of universities and medicabsththat were using QEEG who met
several times over a few years and was one ofuppasters of the edited volume by
John titled “Machinery of the Mind” (John, 19900ne of the important issues
consistently raised at the consortium meetingsthasieed for “standardization”. In the

1980s it was technically difficult to match diffeteEEG systems because of the infantile
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development of analysis software. This historgéd most QEEG users to use relative
power because absolute power was not comparamedetdifferent EEG machines.
There was no frequency response standardizatiovebatdifferent EEG machines and
thus there was no cross-platform standardizatidQEEG. It was not until the mid
1990s that computer speed and software developmaé amplifier matching and
normative database amplifier equilibration a pagib The first use of standardized
matching of amplifiers was to the University of Miand (UM) database. The
procedure involved injecting micro volt calibratielgn waves into the input of

amplifiers of different EEG machines and then ihjae same micro volt signals into the
normative database amplifiers thus obtaining twegudiency response curves (Thatcher et
al, 2003). Equilibration of a normative QEEG dbatse to different EEG machines is the
ratio of the frequency response curves of the tmpldiers that are then used as
amplitude scaling coefficients in the power spdaralysis. This was an important step
because suddenly absolute power Z scores and neengiatabase comparisons became
possible. Relative power is a last resort typme#asure to be used when there is no
equilibration of absolute amplitude because retapiower always distorts the spectrum
and relative power depends on absolute power iardainterpret relative power. This

is because relative power is a percentage of tlendnd thus an increase in mid “beta”,
e.g., 14 — 18 Hz will be seen as a decrease ind'the.g., 4 — 7 Hz when in fact there is
no change in theta and vice versa. The frequentigissolute power are independent of
each other and are not distorted. It is always tieuse absolute values when ever

possible and not relative values or even ratidstatio can change due to the
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denominator or the numerator and one can not deterwhich has changed without
evaluating the absolute values used to computeatics.

As illustrated in Figure 5, a simple method of aifigrl equilibration to exactly
match the frequency characteristics of differenphiiers is to calibrate the amplifiers
using micro-volt sine waves at discrete frequentries 1 to 30 Hz ( or whatever
frequency range matches the normative databasefiarg)land then injecting the same
calibrated sine waves into the inputs of the EE@ldi@r to be compared to the
normative database amplifiers. Then take the @itthe micro-volt values at each
frequency and use the ratios as gain or amplitadiais in the FFT to exactly equate the
spectral output values to the normative databagdiféens. This method creates a
universal equilibration process so that micro-vaita given amplifier are equal to micro-
volts in all other amplifiers including the normagidatabase amplifiers. By
equilibrating amplifiers then direct comparisonsaAeen a given patient's EEG and the
normative database means and standard deviatioaidsand meaningful. If amplifier
matching is not accomplished then all normativealase comparisons are potentially
invalid and caution should be exercised not toausermative database when amplifiers
have not been equilibrated. We have found thatifierp differ primarily from 0 to 2
Hz and in order to accurately match to the norneadiatabase amplifiers one can filter at
1 Hz, thus avoiding mismatches at less than 1 Heere are a wide variety of different
frequency response curves for different amplifeard there is no one “gold standard” for
EEG amplifiers. For older amplifiers that have arenlimited frequency response, e.g.,
the NYU and University of Maryland amplifiers antbB®gic, Grass and Cadwell, etc.

then the match of frequencies is limited to the@dency range that is in common
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between the two amplifier systems. For examplgniezl has a nearly flat response
from 0.5 Hz to 70 Hz and thus the match to the N&YU of M amplifiers is only from

0.5 Hz to 30 Hz because the latter amplifiers waeaebff filters at approximately 30 Hz.
Many amplifiers currently in use also have cutfoéquencies of around 30 Hz but there
is still a lot of information in the EEG from 0.5zHo 30 Hz and equilibration is

necessary to optimally use these amplifiers inranative database comparison.

Fig. 5 — Flow chart of the amplifier standardizatfmrocedure. Microvolt (uV) sine waves are injedtgo
the input of amplifiers and the frequency respomrsesalculated. The frequency response of the
normative database amplifiers and the frequengyorese othe Deymed amplifier are in the middle gray
As shown in the right graph, EEG amplifier systearsthen equated as the ratio of the two amplifier
frequency response curves and the spectral an@yaijusted based on the equilibration ratios or
amplitude scalars (graph on the right) so thatether standardized import and matching of amplifie
systems with the common unit being micro volts (uV)
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Figure 6 shows the frequency response curves diitineersity of Maryland and
the NYU normative database amplifiers. It candensthat the normative database
amplifier is approximately 3 db down at 0.5 Hz &7d5 Hz and approximately 35%
attenuation at 30 Hz.  Because of the sharp &nghlow frequency cut-offs of the
normative database amplifiers the University of Wkamd normative comparisons range
from 1.0 Hz to 30.5 Hz; a frequency range in whioére is sufficient signal to insure
accurate matching and equilibration to differenpafiers. For example, the NYU and
University of Maryland amplifiers exhibit about Y wf peak-to-peak noise at 30 Hz and
EEG beta frequency activity at 25 Hz to 30 Hz eibipeak-to-peak amplitudes of about

6 uV to 12 uV. Thus, at 30 Hz there is adequiggeas for amplifier matching.

Fig. 6 — The frequency response of the Univerditylaryland normative database
amplifiers. Sine waves at 80 uV peak-to-peak wese in the calibration and at a gain
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of 5,000 = 400 mV output. The 3 db high and loegtiency cut-offs are approximately
1 Hz and 27.5 Hz. The amplifier filters wereosig enough to insure no violation of the
Nyquist sampling theorem at 100 Hz and 128 Hz sengpates. Two independent
calibration tests are shown demonstrating high raogu

Content Validity of QEEG Normative Databases: Neur@sychological Correlations

Content validity is defined by the extent to whahempirical measurement
reflects a specific domain of content (Nunnally7&82 For example, a test in arithmetic
operations would not be content valid if the tesifogems focused only on addition, thus
neglecting subtraction, multiplication and divisi@®y the same token, a content-valid
measure of cognitive decline following a strokewddanclude measures of memory
capacity, attention and executive function, etc.

There are many examples of the clinical contehtlida of QEEG and normative
databases in ADD, ADHD, schizophrenia, compulsigemiers, depression, epilepsy,
TBI (Thatcher et al, 1998a; 1998b) and a wide nurnalbelinical groupings of patients as
reviewed by Hughes and John (1999). There areZbd@citations in the review by
Hughes and John and there are approximately tvikrég citations to peer reviewed
journal articles in which a normal reference dasa&baas used. Another recent review of
QEEG normative databases and the clinical appticaif QEEG to psychiatric disorders
cited 169 publications (Coburn et al, 2006). Ateinet search of the National Library of
Medicine will give citations to more QEEG and caritealidity peer-reviewed studies
using a reference normal group than were includetle Hughes and John review or the
Coburn et al (2006) review. Finally, a recent eewthat emphasizes clinical correlations

and clinical validation of a normative databaskyissordon et al (2005).
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Figure 7 and Table Il shows an example of thgeaorf clinical correlations to

full scale 1.Q. in 373 normal individuals from 5ayrs to 55 years of age (2005c).

Table 11l

List of Correlations between Full Scale 1.Q. andEgEmMeasures from 373 normal
subjects age 5 years to 55 years (47).

QEEG Measure Correlation Coefficient —- QEEG and F
Scale I.Q. (Wisc-R)

Phase Difference

0.859
Coherence

0.842
Phase Reset per Second

0.785
Phase Reset Locking Interval Means

0.780
Amplitude Asymmetry

0.691
Phase Reset Duration Means

0.688
Burst Amplitude Means

0.574
Out-of-Phase Cross-Spectral Power

0.570
Cross Spectral Power

0.485
In-Phase Cross-Spectral Power

0.481
Absolute Power

0.443
Phase Reset Amplitude Means

0.372
Peak Frequency

0.218
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Clinical Validation of the NeuroGuide QEEG Normativ e Database
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Fig. 7 — Correlations between QEEG measures ahddale 1.Q. (WISC-R). N = 332 subjects from the
University of Maryland QEEG normative database (Ealle 111). The highest correlations between QEEG
and 1.Q. are phase differences and coherence @¥.x-axis are different QEEG measures and thdsg/-a
is the correlation coefficient in a multivariategression analysis with full scale 1.Q. as the deleat
variable. Phase reset and Burst metrics are neagumes which also exhibit high clinical correlas@nd
clinical validation.

It can be seen in figure 7 that relative high datrens with 1.Q. (0.859) are achievable
when using a normative database and multiple regne®f different variable types and
that different QEEG measures exhibit different magles of correlation. The multiple
regression prediction of 1.Q. is not intended tolaee neuropsychological tests.
However, an advantage of a QEEG normative datgiraskction of 1.Q. is that it can be
repeated without confounding by learning and it bargiven to un-testable patients such
as stroke, paralysis and uncooperative individuAlso, QEEG predictions of

intelligence provide an insight into which aspeaftseural functioning such as location
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and connectivity contribute to the prediction dkiligence thus providing a deeper
understanding of intelligence in an individual sadbj
Content Validity of QEEG Normative Databases: Exampe for Traumatic Brain
Injury

There are numerous peer reviewed journal arti¢dles/sg high correlations
between Z scores involving the UM and NYU and otimmative databases over the last
20 years (see review by Hughes and John, 1999k béyond the scope of this chapter
to attempt to review all of these studies. Insteaswill focus on one of the many
clinical correlation sub-groups, namely, traumatiain injury. The National Library of
Medicine lists 1,672 peer reviewed journal articdesthe subject of EEG and traumatic
brain injury. The vast majority of these studieglved quantitative analyses and, in
general, the scientific literature presents a giast and common quantitative EEG
pattern correlated with TBl. Namely, reduced ataple of the alpha and beta and
gamma frequency bands of EEG (8 — 12 Hz and 13H22&nd 30 - 40 Hz) (Mas et al,

1993; von Bierbrauer et al, 1993; Ruijs et al, 39drn et al, 2005; Hellstrom-Westas,

2005 Thompson et al, 2005; Tebano et al, 1988; Thatehal, 1998a; 2001a; Roche et

al, 2004;_Slewa-Younan, 2008lobounov et al2002) and changes in EEG coherence

and phase delays in frontal and temporal relatidhatcher et al, 1989; 1991; 1998b;
2001; Hoffman et al, 1995; 1996a; Trudeau et é@8)9 The reduced amplitude of EEG
is believed to be due to a reduced number of symgpherators and/or reduced integrity
of the protein/lipid membranes of neurons (Thatateal, 1997; 1998a; 2001b). EEG
coherence is a measure of the amount of sharetliedactivity at a particular

frequency and is analogous to a cross-correlabefficient. EEG coherence is
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amplitude independent and reflects the amountmdtfanal connectivity between distant
EEG generators (Nunez, 1981; 1994; Thatcher 4986). EEG phase delays between
distant regions of the cortex are mediated in lpathe conduction velocity of the
cerebral white matter which is a likely reason tBBG phase delays are often distorted
following a traumatic brain injury (Thatcher et 4889; 2001a). In general, the more
severe the traumatic brain injury then the mordatevthe QEEG measures (Thatcher et
al, 2001a; 2001b).

Quantitative EEG studies of the diagnosis of Tic¢ally show quite high

sensitivity and specificity, even for mild headungs. For example, a study of 608 mild
TBI patients and 103 age matched control subjemtsoshstrated discriminant sensitivity
= 96.59%; Specificity = 89.15%, Positive Predictwaue (PPV) = 93.6% (Average of
tables Il, Ill, V) and Negative Predictive ValueRN) = 97.4% (Average of tables IlI,
IV, V) in four independent cross-validations. Andar sensitivity and specificity for
QEEG diagnosis of TBI was published by Trudeau €208) and Thatcher et al
(2001a). All of these studies met most of the Anar Academy of Neurology’s criteria
for diagnostic medical tests of: 1- the “critefioa test abnormality was defined explicitly
and clearly”, 2- control groups were “differendifin those originally used to derive the
test’'s normal limits”, 3- “test-retest reliabilityas high”, 4- the test was more sensitive
than “routine EEG” or “neuroimaging tests” and, the study occurred in an essentially
“blinded” design (i.e., objectively and without &tyi to influence or bias the results).
History of 3-Dimensional Current Source Normative Catabases

Parametric statistics that rely upon a Gaussianlalision have been successfully

used in studies of Low Resolution Electromagnetmégraphy or LORETA (Thatcher
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et al, 2005a; 2005b; Huizenga et al, 2002; Hori lded2001; Waldorp et al, 2001,
Bosch-Bayard et al, 2001; Machado et al, 2004)scBeBayard et al (2001) created a Z
score normative database that exhibited high seibgiand specificity using a variation
of LORETA called VARETA. A subsequent study byadhado et al (2004) extended
these analyses again using VARETA. Thatchel @0®5a) also showed that
LORETA current values in wide frequency bands apipnate a normal distribution after
transforms with reasonable sensitivity. This sgraper compared Z scores to non-
parametric statistical procedures and showed tls&bres were more accurate than non-
parametric statistics (2005a). Lubar et al (20€3d non-parametric statistics in an
experimental control study with similar levels dajreficance as reported by Thatcher et
al (2005a). Figure 8 shows an example of how arkrgsform can move a non-gaussian
distribution toward a better approximation to a &aan when using LORETA (Thatcher

et al, 2005a; 2005b).
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Fig. 8- hiows the distribution of current source densitiefote (left) and after (right) lagtransform
for the delta, theta and alpha frequencies. rtlmseen that reasonable approximation to Gaussian
was achieved by the lggtransform. (From Thatcher et al, 2005a).

LORETA 3-dimensional current source normative dases have also been
cross-validated and the sensitivity computed utiegsame methods as for the surface
EEG (Thatcher et al, 2005b). Figure 9 shows amgka of localization accuracy of a

LORETA normative database in the evaluation of cordd neural pathologies.
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Fig. 9 - Top is the EEG from a patient with a rigleimisphere hematoma where the maximun
slows waves are present in C4, P4 and O2. ThepewEr spectrum from 1 to 30 Hz and the
corresponding Z scores of the surface EEG are showe right side of the EEG display.
Bottom, are the left and right hemisphere displafythe maximal Z scores using LORETA. It
can be seen that only the right hemisphere hastsatally significant Z values. Planned
comparisons and hypothesis testing based on thedney and location of maximal deviation
from normal on the surface EEG are confirmed byl ORETA Z score normative analysis.
(From Thatcher et al, 2005b).

All of these studies demonstrated that when prstagistical standards are
applied to EEG measures, whether they are surfe€ & 3-dimensional source
localization, then high cross-validation accuraag be achieved. Recently, Hoffman
(2006) confirmed that high accuracy can be achiessatg a LORETA Z score

normative database to evaluate patient’s with cordd pathologies (e.g., left temporal



34

lobe epilepsy and focal brain damage) using thev&isity of Maryland normative
database (Thatcher et al, 2003) and the Univeo$ifyennessee normative database
(Lubar et al, 2003).

History of 3-Dimenional Source Correlation Normative Databases

Thatcher et al (1994), Thatcher (1995) and Hoettestet al (2004) used a
multiple dipole source solution for scalp EEG eleel potentials and then used
coherence to compute the correlation between then8nsional current sources and
demonstrated changes in the correlation betweerrmusources related to different
tasks. Pascual-Marqui et al (2001) used lowlu¢ism electromagnetic tomography
(LORETA) to compute current sources and then udedaason Product correlation
coefficient to explore differences in source catieins between a normal control group
and a group of schizophrenic patients. Recehifjh statistical standards were applied
to LORETA 3-dimenional source correlations in a @ekormative database (Thatcher
et al, 2007a). All of these studies revealedregting and reproducible relations
between current sources and network connectivéypghovide a deeper understanding of
the surface EEG dynamics.

The same statistical standards as enumerated pshyivere applied to the
LORETA source correlation normative database, peer reviewed publication, gaussian
approximation, removal of artifact, high reliabyjliand cross-validation. The LORETA
normative database studies prove that nearly amguane can be used in a normative
database as long as the appropriate statisticad@eadtific standards are met.

History of Real-Time Z-Score Normative Databases



35

As mentioned above, many different normative datab can be constructed and
validated as long as the basic scientific standafdsussianity, cross-validation,
amplifier matching and peer reviewed publicatioresraet. A recent example of a new
application of a normative database is the us@woifptex demodulation as a Joint-Time-
Frequency-Analysis (JTFA) for the purposes of teak biofeedback (Thatcher998a;
1998b; 2000a; 2000 hatcher et al, 1987; 2003). This method hasmnidyg been
implemented in EEG biofeedback systems and usednpute statistical Z scores in
real-time. Complex demodulation is an analytahteque that multiples a time series by
a sine wave and a cosine wave and then applies pdss filter (Granger et al, 1964;
Otnes and Enochson, 1977; Thatcher et al, 200Fhis results in mapping of the time
series to the unit circle or “complex plane” wheréfistantaneous power and
instantaneous phase differences and coherencempted. Unlike the Fourier
transform which depends on windowing and integratiger an interval of time, complex
demodulation computes the instantaneous power laaskpat each time point and thus an
instantaneous Z score necessarily includes thenngthbject variance of instantaneous
electrical activity as well as the between subyeetance for subjects of a given age. The
summation of instantaneous Z scores is Gaussi&ibdi®d and has high cross-
validation (Thatcher et al, 1987; 2007), howevee, individual time point by time point
Z score is always smaller than the summation dwétton subject variance. The use of
within subject variance results in a more “constgved estimate of deviation from
normal solely for the purposes of instantaneoutebdback methods. A standard FFT
normative database analysis should first be condpuaterder to identify the electrode

locations and EEG features that are most deviant ftormal and that can be linked to
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the patient’s symptoms and complaints. Linkirguhjects symptoms and complaints,
e.g., PTSD, Depression, Schizophrenia, TBI, etéuniational localization of the brain is
an important objective of those who use a normatatabase. Similar to a blood bank
analysis, the list of deviant or normal measuresgaren to the clinician as one test
among many that are used to help render a diagndsiking de-regulation of neural
activity in localized regions of the brain to knofumctional localization, for example,
left parietal lobe and dyslexia; right frontal ashejpression; cingulate gyrus and attention
deficit; occipital lobes and vision problems, ete important to make by a trained
clinician. Textbooks on functional localizationneurology and psychiatry are
available to aid the clinician in learning abow tink between a patient’s symptoms and
different brain regions (Heilman and ValensteirQ3d:9Brazis et al, 2007). A link of the
anatomical locations and patterns of a patientsadé¥ scores is important in order to
derive clinical meaning from the QEEG.

Once a QEEG normative database analysis is condpkbien one can use a Z
score biofeedback program to train patient’s to entheir instantaneous Z scores toward
zero or the norm. The absolute value and rangieeoihstantaneous Z scores while
smaller than those obtained using the offline QEB@Gnative database are nonetheless
valid and capable of being minimized toward zeAm advantage of a Z score
biofeedback program is simplification by reducingedse measures to a single metric,
i.e., the metric of a Z score. Thus, there is tgrestandardization and less guess work
about whether to reinforce or suppress coherenpbase differences or power, etc. at a
particular location and particular frequency band.

Figure 10 shows the number of subjects per yednemormative EEG lifespan
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database, N = 625, that spans the age range fnrmonghs to 82 years of age. It can be
seen that the largest number of subjects are iydbager ages (e.g., 1 to 14 years, N =
470) when the EEG is changing most rapidly. A prtpnately smaller number of
subjects represents the adult age range from 18Rtgears (N = 155). In order to
increase the time resolution of age, sliding avesagere used for age stratification of the
instantaneous Z scores for purposes of EEG biotedb Two year means were
computed using a sliding average with 6 month eyedf subjects. This produced a
more stable and higher age resolution normativabdeste and a total of 21 different age
groups. The 21 age groups and age ranges andenwhlsubjects per age group is

shown in the bar graph in figure 10.

Fig. 10 - The number of subjects per age groupénz score Lifespan EEG reference normative databas

The database is a “life-span” database with the mvamths of age being the youngest subject and 82.3
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years of age being the oldest subject. Two yeanseare computed using a sliding average with 6timon
overlap of subjects. This produced a more stabtehigher age resolution normative database dothk
of 21 different age groups. The 21 age groupsagelranges and number of subjects per age group is

shown in the bar graph (Adapted from Thatcher,2@03).

Active Tasks vs Eyes Closed and Eyes Open QEEG Dbtses
An active task refers to the recording of EEG/andvoked potentials (EPS)

while a subject performs some kind of perceptuaagnitive task. Many EEG and EP
and event related potential (ERP) studies havertegpoeproducible changes in brain
dynamics which are task dependent. Such studéesrgrortant for understanding
normal and pathological brain processes responfblgerceptual and cognitive
function. In contrast, an eyes closed or eyes &ie@ state involves an alert subject
simply sitting quietly and not moving. The eyéssed and/or eyes open conditions are
commonly used as reference normative EEG databasesise of the simplicity and
relative uniformity of EEG recording conditionsuch databases can be compared across
laboratories and populations with relatively highability. Active tasks, on the other
hand, are dependent on the intensity of stimudi,ithck ground noise of the room, the
distance between the subject and the stimuli, ubgest’s understanding of the task
instructions, the subject’'s motivation, etc. Thasevery difficult to control across
experimenters or across clinics for the purpose®oétructing a “reference” normative
EEG database.

One of the most carefully constructed active tamkmative database is by Brain
Resources, Inc. in Australia (Gordon et al, 2003he BRC database does require

replication of specific task conditions using a N®mecan, Inc. EEG amplifier system.



39

The relative sensitivity and specificity of restieges open and eyes closed EEG versus
an active task normative database has not beerspedlto our knowledge. Another
well constructed and tested active task normatatatzhse is the go no-go task developed
by Russian scientists (Kropotov et al 2005) witldiae to high sensitivity and accuracy
in the evaluation of attention deficits and othisodders. We were unable to find any
peer reviewed journal articles of EEG databaseduymed by Dr. Kropotov and therefore
there is no information on the sensitivity, crosgidation, amplifier matching and other
standards for EEG databases.

It should be kept in mind that the alert eyes@tbBEG state is very much an
active state, e.g., there is still about 20% gleaoetabolism of the whole body occurring
in the brain of an eyes closed subject (Herscoyit8B4) (Raichle, 2002). During the
eyes closed state, there is dynamic circulatiomeniral activity in connected cortical,
reticular and thalamo-cortical loops (Thatcher doln, 1977; Nunez, 1995). The
allocation of neural resource is simply differemarh when the subject is directing his/her
attention to an experimentally controlled situatigkctive tasks are very important
because they reflect the switching and dynamication of neural resource which also
has clinical importance. However, a scientifigagbund and stable resting EEG
normative database can enhance and also factltatenderstanding of the underlying
neural dynamics and clinical condition of a patiéating an active task. For example,
comparison to a resting baseline normative datathaseg different active task
conditions may help reveal anatomical localizatdbneural processes and network
dynamics without the need for a comparison to actyx matching active task.

Summary of Normative Database Validation and Sengitity Tests
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Figure 11 is a summary and overview of the procesitinat are used to eliminate
artifact, maximize reliability, approximate Gaussistributions, cross-validate and
compute clinical correlations as a standard spt@tedures and sequences to make

normative database creation more easy.

Fig. 11- lllustration of the steps involved in deng a normative QEEG database. The lefti

the start of the process with data acquisition, ldimpmatching, artifact rejection and quality
control. Approximation to a Gaussian is followeddsoss-validation and then finally clinical

correlations.

Figure 11 is an illustration of a step-by-step e by which any normative EEG

database can be validated and sensitivities cadouldahe left side of figure 11 is the
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edited and artifact clean and reliable digital Ettifte series which may be re-referenced
or re-montaged, which is then analyzed in eithertitme domain or the frequency
domain.

The selected normal subjects are grouped by athpeavgufficiently large sample
size. The means and standard deviations of the titi#series and/or frequency domain
analyses are computed for each age group. Transfarenapplied to approximate a
Gaussian distribution of the EEG measures that cemphe means. Once approximation
to Gaussian is completed, Z-scores are computeebfdr subject in the database and
leave one out Gaussian cross-Validation is compuatedder to arrive at optimum
Gaussian cross-validation sensitivity. Finally Gaussian validated norms are subjected
to content and predictive validation procedurehsagcorrelation with
neuropsychological test scores and intelligenee,a#td also discriminant analyses and
neural networks and outcome statistics, etc. Timéetd validations are with respect to
clinical measures such as intelligence, neuropdggiaal test scores, school
achievement and other clinical measures. The gredicalidations are with respect to
the discriminative, statistical or neural netwolikical classification accuracy. Both
parametric and non-parametric statistics are use@termine the content and predictive
validity of a normative EEG database.

Gold Standard Check List for a Normative QEEG Datalase.

Table IV is a “Gold Standard” check list that sunmines the minimal standards

of QEEG Normative databases that were discussetbpsty. Those clinicians

interested in using a QEEG normative databaserem@ueaged to enter a check for each
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of the standards that a given database has mie¢ mbre standards that are met then the
better.
Table IV

List of “Gold Standards” by which to judge
QEEG Normative databases

Standards Yes No

1 Amplifier Matching

2 Peer reviewed publications

3 Artifact Rejection

4 Test Re-Test Reliability

5 Inclusion/exclusion criteria

6 Adequate Sample size per age grqup

7 Approximation to a Gaussian

8 Cross-Validation

9 Clinical Correlation

10 | FDA Registered

Problems in combining Sub-Standard QEEG Databasesith scientifically
acceptable databases

Often an EEG data sample from a patient is seatiéboratory or QEEG service,
and the data is compared to multiple databasesdimg sub-standard databases. As
expected, the results are often conflicting andrealictory and confusing. There is an
assumption that somehow multiple comparisons tdiptelldatabases is better than

comparing a patient’'s EEG to a single well publédatabase that has met high

statistical and scientific standards. This asstonps wrong and potentially dangerous
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to unsuspecting patients and clinicians who argigeal with multiple comparisons. If
a patient or a clinician receives multiple databas®parisons involving unmatched
amplifier characteristics then they should askptevider of the normative database for
the methods of amplifier equilibration and for st bf the scientific standards of the
normative databases. It is the responsibilitys#ra of normative databases to know the
scientific standards of the database that theg@mgaring their patient’s to and to
provide informed consent to patients in situatishgre the patient's EEG samples are
compared to a non peer-reviewed database and/ooumknumber of subjects per year
database and/or unknown inclusion/exclusion catddtabase and/or no statistical
validation test database and/or a non-FDA regidtdegabase, etc. State law and the
FDA and IRBs require wording in an informed condentn that is clear and
unambiguous in which the patient is informed th&irt EEG data will be compared to an
unpublished or otherwise unknown QEEG normativalszde. Hopefully the “Gold
Standards” check list in Table IV will help in tipsocess.
Future Standardization of QEEG Normative Databases

The post Newtonian period of European history (1:68850s) is marked by an
emphasis on standards and rules as an outgrovidbwtfonian mathematics in the 1600s.
It was recognized that standards were a prerequaitthe future industrial revolution
involving mass production and efficient engineeramgl growth of new knowledge. A
similar need for standardization of QEEG normatiaéabases is present today.
Amplifier equilibration and standardization hasddreen an elusive goal as mentioned
previously. However, new technologies are avéaléat provide for simple and

inexpensive standardization of EEG amplifiers forgmses of comparison.
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In the future the essential standard will be toadguhe microvolt measurement of
the electrical energies of the human brain recoedetifferent frequencies from different
amplifiers using accepted statistical tests analdstals of validation and verification as
listed in rows 2 to 10 in Table IV.
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