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Calibration of ADHD Assessments Across Studies:
A Meta-Analysis Tool

Jennifer Kim Penberthy,1,7 Daniel Cox,1 Marc Breton,2 Raina Robeva,3

M. Layne Kalbfleisch,5,6 Tim Loboschefski,4 and Boris Kovatchev1

When analyzed separately, data from small studies provide only limited information with
limited clinical generalizability, due to small sample size, differing assessments, and limited
scope. In this methodological paper we outline a theoretical framework for performing
meta-analysis of data obtained from disparate studies using disparate tests, based on
calibration of the data from such studies and tests into a unified probability scale. We
apply this method to combine the data from five studies examining the diagnostic abilities
of different assessments of Attention Deficit/Hyperactivity Disorder (ADHD), including
behavioral rating scales and EEG assessments. The studies enrolled a total of 111 subjects,
56 ADHD and 55 controls. Each individual study had a small sample focused on a specific
age/gender group, for example 8 boys ages 6–10, and generally had insufficient power to
detect statistically significant differences. No gender, or age comparisons were possible
within any single study. However, when calibrated and combined, the data resulted in a
clear separation between ADHD versus non-ADHD groups in males below the age of 16
(p < 0.001), males above the age of 16, (p = 0.015), females below the age of 16, (p =
0.0014), and females above the age of 16, (p = 0.0022).

We conclude that if data from various studies using various tests are made comparable,
the resulting combined sample size and the increased diversity of the combined sample lead
to increased significance of the statistical tests and allow for cross-sectional comparisons,
which are not possible within each individual study.
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INTRODUCTION

Attention Deficit/Hyperactivity Disorder (ADHD) is the most common neurobehav-
ioral disorder of childhood, and is among the most prevalent chronic health conditions
affecting school age children (American Academy of Pediatrics, 2000). The symptoms of
hyperactivity, impulsivity, and inattention that characterize ADHD individuals also can con-
tribute to multiple other negative impacts, such as substance abuse, low academic achieve-
ment, interpersonal conflicts, low self-esteem, high injury rates, and so forth (Barkley,
1990; Barkley, Fischer, Edelbrock, & Smallish, 1990; Barkley, Guevremont, Anastopoulos,
DuPaul, & Shelton, 1993; Schachar, Taylor, Wieselberg, Ghorley, & Rutter, 1987; Almond,
Tanner, & Goffman, 1999). Like most psychiatric disorders, the diagnosis of ADHD relies
on subjective criteria. Unlike a neurological condition such as stroke, in which exami-
nation and neuroimaging provide clear, objective criteria in diagnosis, ADHD lacks the
“hard evidence” that aids in evaluation and treatment. The difficulty in clinical diagnosis
is reflected in the frequent shifts in the diagnostic criteria for ADHD. The DSM-III (APA,
1980), DSM-III-R, (APA, 1987), and DSM-IV (APA, 1994) all present different conceptu-
alizations of ADHD. The most current criteria from the Diagnostic and Statistical Manual
of Mental Disorders, 4th Edition (DSM-IV, 1994) distinguishes three subtypes of ADHD:
predominantly inattentive type, predominantly hyperactive-impulsive type, and combined
type. DSM-IV diagnostic criteria for ADHD include “a persistent pattern of inattention
and/or hyperactivity-impulsivity that is more frequent and severe than is typically observed
in individuals in a comparable level of development. Evidence of six of nine inattentive
behaviors and/or six of nine hyperactive-impulsive behaviors must have been present before
age seven, and must clearly interfere with social, academic, and/or occupational function-
ing” (APA, 1994). Consequently, diagnosis of ADHD is typically based on retrospective
reports from parents and teachers of a child’s behavior, and is highly dependent upon
the subjective judgments about the degree of relative impairment. Due to the subjective
nature of assessment, precision in diagnosis has been elusive. Determining a biological
measure that could aid in the diagnosis of ADHD would help to refine diagnostic criteria
and may provide more specific diagnostic tests for ADHD and other disorders of attention
and self-regulation. Although research supports a neurological basis for ADHD (Hynd et al.,
1991; Castellanos, 1997; Berquin et al., 1998; Mostofskey, Reiss, Lockhart, & Denckla,
1998; Raskin, Shaywitz, Shaywitz, Anderson, & Cohen, 1984; Crawford & Barbasz, 1996;
Heilman, Voeller, & Nadeau, 1991; Zametkin et al., 1990; Castellanos et al., 2001;
Castellanos et al., 2002), there are only a few large studies examining EEG as a quan-
tifiable physiological marker of ADHD. Of even greater importance, there is currently
no uniform methodology for calibrating or standardizing the multiple disparate ADHD
assessment tools currently available for clinicians and researchers.

Unfortunately, while neuroanatomical findings support the notion that ADHD is a
distinct clinical syndrome and add to our understanding of the etiology of ADHD, neu-
roimaging techniques are too expensive for general use in diagnosing ADHD, are restricted
to a few centers, and lack clear specificity and sensitivity in the diagnosis of ADHD. One
technique suggested by a National Institute of Mental Health committee as a possible
method to identify functional measures of child and adolescent psychopathology (Jensen
et al., 1993) is that of quantitative EEG. Compared to methods of functional neuroimaging
(such as positron emission tomography or single photon emission computed tomography),



Bio-Behavioral Assessment of ADHD 33

quantitative EEG is easier to perform, less expensive, does not involve radioactive tracers,
and is noninvasive (Kuperman, Gaffney, & Hamdan-Allen, 1990).

There are a few basic methods of analyzing EEG data that have been employed in
previous research — visual inspection of raw data and quantitative analyses of EEG data,
including spectral and coherence methods of analysis. To date, none of these methods have
revealed pervasive or consistent patterns of EEG abnormalities with sufficient specificity
or sensitivity to separate children with ADHD from normal subjects. Despite overall in-
consistencies in the literature, one important consistency is the finding of patterns of higher
levels of theta relative to beta (Breshahan, Anderson, & Barry, 1999; Lazzaro et al., 1998;
Mann, Lubar, Zimmerman, Miller, & Muenchen, 1992; Monastra et al., 1999).

Mann et al. (1992) tested 25 nine to twelve year-old boys with Predominantly
Inattentive-type ADHD across three settings: baseline resting, reading, and drawing, and
compared their EEG data to 27 controls matched for age and grade level. Five minutes of
EEG data were recorded for each of the three tasks. Power spectral analysis was employed
to topographically represent the brain and aid in analysis of EEG for individual and group
comparisons. Findings include an increased theta (4–7.75 Hz) in the ADHD group when
compared to normal control subjects, at both absolute and relative percent power calcula-
tions. In other words, the presence of excess theta was detected as an absolute calculation
of the EEG band power and the percent calculated relative to the individual subject’s EEG
data. Results also indicated decreased beta (12.75–21 Hz ) in the ADHD group when
compared to normals, signifying less active mental processing in the ADHD children. The
differences in both theta and beta were greater when subjects were tested while reading
or drawing, but were decreased when they were at rest during visual fixation. This pattern
predicted accurate classification of ADHD subjects 80 percent of the time and of controls
74 percent of the time. Mann et al. suggest that the pattern of theta activity detected in their
data is parallel in nature to the decreases in glucose metabolism detected in the prefrontal
and premotor areas of the brain by Zametkin et al. (1990). Mann et al. concludes that their
study supports the use of quantitative EEG for further elucidation of the neurophysiology
of ADHD.

Lazzaro et al. (1998) explored the possibility of maturational lag and cortical under-
arousal as causes of ADHD. EEG activity of 26 adolescent (mean age of 13.4) unmedicated
ADHD males and 26 age and gender matched controls were examined in a resting eyes open
condition. In the ADHD subjects, increased levels of theta activity in the anterior region
of the brain and reduced levels of beta activity in the posterior region were discovered.
Lazzaro, et al. suggests that these results show evidence of a maturational lag (due to the
presence of theta in the anterior regions of the brain and a reduction of beta in the posterior
regions) and reduced cortical arousal in ADHD.

Bresnahan, Anderson, and Barry (1999) investigated patterns of activity with quan-
titative EGG in subjects, age 6 to 42 years of age. Analyzing data in 25 children, 25
adolescents, and 25 adults with ADHD and their age-matched, normal control group, from
the midline EEG channels (Fz, Pz, Cz) they observed increased theta activity and decreased
beta activity across all age groups. The decline in beta activity reduced with age. Bresnahan,
et al. conclude that because the hyperactivity component in ADHD tends to decrease with
age while the impulsivity tends to persist, that their data suggests reduced beta activity may
be related to hyperactivity and that increased theta activity may be related to impulsivity.
These patterns replicate findings of Mann et al. (1992).
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Monastra et al. (1999) report similar results from their study on 482 subjects (ages
6–30) classified into the three groups of ADHD Combined-type, ADHD Predominantly
Inattentive-type, and controls. Monastra and his group are the only ones to provide informa-
tion regarding sensitivity and specificity (of 86% and 98%, respectively) when classifying
individuals with Attention-Deficit Hyperactivity Disorder (ADHD) against controls by
means of the Attentional index (AI). This index, which is the numerical inverse of a pre-
viously published ratio used by NASA (Engagement Index) to track attentional changes
in pilots (Pope & Bogart, 1991; Pope, Comstock, Bartolome, Bogart, Burdette, 1994) was
significantly larger for the ADHD groups than for the control group. Further, the authors set
normal limits for their AI based on the mean and standard deviation (SD) of their control
group and used these normal limits to classify their ADHD subjects. The EEG data were
used to test the hypothesis that frontal cortical slowing (presence of excess theta) can differ-
entiate ADHD subtypes from controls. Analysis of variance demonstrated cortical slowing
that differentiated ADHD subjects, regardless of sex or age. Specifically, consistent with
the presented hypothesis, statistical analysis revealed that the ADHD groups (inattentive
and combined type) displayed significantly higher levels of slow-wave (theta) relative to
fast-wave (beta) EEG activity. A methodological concern in this study maybe the control
group used for setting normal limits for the diagnostic criteria. Instead of age and gender-
matched random sample, the control group consisted of individuals seeking a differential
diagnosis for possible ADHD. In addition, the control group of the study was relatively
small (only 85 subjects versus 397 ADHD) and the normal limits for the AI were set on the
basis of quite small control subgroups half of which were 11 subjects or less.

In a series of follow-up experiments, Monastra, Lubar, and Linden (2001) proceed to
further explore results from their initial study in order to “replicate prior findings and ex-
amine the reliability and validity” (p. 138). For the first experiment, a cross-validation
of the initial study, Monastra et al. report findings from 129 individuals, ages 6–20
(98 males and 31 females), who were diagnosed as ADHD-inattentive, ADHD- hyper-
active or combined type, or normal control. These researchers determined that “groups of
participants with either inattentive or combined types of ADHD could be differentiated
from nonclinical control groups on the basis of an attentional index derived from a spectral
analysis of power in the theta and beta bands” (p. 141). Their second experiment examined
the criterion-related validity of the simplified QEEG process by comparing classifications
based on EEG data with those derived from more traditional data used to diagnose ADHD,
such as behavioral ratings, patient history, and so forth. Monastra et al. employed 55 ADHD
individuals, ages 6 to 20 (50 males and 5 females) who had been previously classified as
ADHD by the QEEG, ADDES, and CPT tests. Based on QEEG data obtained from individ-
uals with ADHD tested 30 days apart, this reliability study found a test-retest correlation
coefficient of .96 (p < .05). Their third experiment investigated the test-retest reliability of
the attentional index the authors derived from the QEEG process. Two hundred and eighty-
five individuals between the ages of 6 and 20, who were diagnosed with ADHD, were
assessed with QEEG and other commercially available tests that were developed to assess
attentional deficits (e.g. behavioral and CPT measures). Findings indicate that classification
agreement was noted in 83% of the participants evaluated with the QEEG and the ADDES.
Classification consistency was not obtained when QEEG result where compared with those
derived from Conner’s CPT (Conners, 1997). The authors conclude, however, that because
all of the participants in this experiment had been diagnosed with ADHD, issues of test
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sensitivity and specificity could only be partially addressed. They also note that due to an
absence of a “gold standard” for diagnosing ADHD, it is difficult to adequately address
issues of test sensitivity and specificity.

Therefore, although there is evidence of the effectiveness of the theta/beta ratio in
diagnosing ADHD, it is also evident that none of the currently existing psychological
and physiological markers for ADHD has been proven to hold immediate promise of
becoming the “gold standard” for diagnosing ADHD. Currently, there does not appear to
be an established, well-tested, comprehensive assessment protocol, which includes multiple
EEG data in the diagnoses of ADHD, and which can consistently produce findings at levels
sufficient for clinical diagnosis.

An approach of combining several disparate measures into a single coherent assess-
ment may be of interest, especially if proven to hold a compounded classification accuracy
that is significantly greater than the accuracy of each individual measure. In our recent
paper (Robeva, Penberthy, Loboschefski, Cox, & Kovatchev, 2004) we proposed a new
psychophysiological assessment procedure for diagnosing ADHD, capable of combining
various disparate ADHD markers into a powerful assessment tool whose classification
power exceeds the classification power of its separate components. The formal framework
of that combined assessment employs a Bayesian algorithm that allows for linking of dis-
parate assessment instruments into one unified probability assessment. Important features
of this sequential assessment are that it is test-order-invariant, and can accommodate miss-
ing data. Another important feature of this sequential assessment is that it can be used to
unify separate studies, each of which may utilize different assessments or tests, thereby
increasing the total number of subjects in a meta-analysis and the diversity of the stud-
ied population. As a result the power of the statistical tests increases, new comparisons
between subgroups of the unified large sample become possible, and the clinical validity
and generalizability of the results increases. The key to this meta-analysis approach is the
calibration of data from various studies into a single scale - probability for ADHD.

We present a strategy designed to incorporate into a single analysis data from various
small studies and various tests and markers for ADHD, none of which could claim perfect
sensitivity and specificity to ADHD. For example, in Robeva et al. (2004) we employed
data from twelve female college students using both self-report and others’ report of symp-
toms, EEG information when transitioning from one cognitive task to another, behavioral
information, cognitive performance, and history of symptoms. Classification of subjects as
ADHD or non-ADHD improved with the sequential steps, achieving 100% accuracy by the
final EEG measures. One of the problems with the study just reported, as with many studies
of ADHD, is the small sample size employed and the subsequent limited generalizability of
findings. Therefore, we evaluated our proposed Bayesian model as a method for combining
not only related diagnostic tests, but also related studies that include such tests.

This study expands upon our previous proposal of a combined stochastic assessment
for diagnosing ADHD, by presenting in detail a method for performing a meta-analysis
on separate studies of ADHD, and by illustrating this method with data from five studies
performed in our group. These individual studies ranged in sample size from eight to
forty-nine, with three of the five studies having a sample size of twelve or less. Our
methodology allowed the combination of such small studies, of lower statistical power
and limited generalizability, into a larger, more statistically powerful, more diverse, and
clinically relevant meta-analysis.
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METHODS

Subjects

We have conducted five consecutive studies that introduced and investigated the use
of the EEG Consistency Index, and employed multiple assessments amenable to inclusion
within our bio-behavioral assessment of ADHD using the stochastic Bayesian approach to
combine various measures of ADHD. These studies are described briefly below.

Study I

Four boys (ages 6–10) with ADHD and four age-matched control boys had their
EEG data acquired during two 30-min tasks separated by a 5-min break. For the ADHD
boys, this procedure was repeated 3 months later, to assess test-retest reliability. The EEG
Consistency Index (CI) was based on this data and calculated from information obtained
from four electrode sites, CZ, PZ, P3 and P4. Parents completed the ADHD-Symptom
Inventory (ADHD-SI, Cox et al., 1999). Results are reported in Cox et al., 1999.

Study II

Seven ADHD males and six non-ADHD males, ages 18–25, participated in a double-
blind, placebo versus methylphenidate controlled crossover design study. ADHD subjects
had to have previously taken methylphenidate but could not be taking any medication for
their condition within the 6 months prior to the study. EEG data was acquired while the
subjects were given four tasks of the Gordon Diagnostic System, two easy (auditory and
visual) and two hard (auditory and visual). EEG CI was calculated based upon this data
obtained from CZ, PZ, P3 and P4, and the relative power of the frequency bands computed
as in Study I. Subjects and their parents completed the ADHD-SI. Results are reported in
Merkel et al., 2000 and Cox, Merkel, Kovatchev, & Seward, 2000.

Study III

Eighteen boys and 17 girls, ages 8–16, classified as either ADHD or non-ADHD had
EEG data collected for 36 min while performing various tasks. The EEG CI was based on
this data and calculated from information obtained from eight electrode sites, CZ, PZ, P3,
P4, F3, F4, T3, and T4. The relative power of the frequency bands was computed based
on the same thresholds employed in Study I and II. Parents and teachers completed the
ADHD-SI. Results are reported in Kovatchev et al., 2001.

Study IV

Six ADHD and six non-ADHD Caucasian college age females engaged in a series of
short concentration tasks (2–3 min.) with shorter resting intervals (1–2 min) will EEG data
were collected. The CI was calculated from this data, with the CI employing data from
eight electrode sites CZ, PZ, P3, P4, F3, F4, T3, and T4. Subjects were administered the
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ADHD-SI, and the Wender-Utah Rating Scale (WURS; Ward, Wender, & Reimherr, 1993),
which is a 61-item retrospective self-report scale with adequate reliability and validity.
Results of analyses of these initial subjects are reported in Robeva et al., 2004.

Study V

Seventy-seven children ages 8–12 were administered EEGs while watching a movie
for 20 min, resting with eyes open for 5 min, reading silently for 10 min, resting with eyes
open for 5 min, then performing creative drawing tasks for 10 min. This pattern was repeated
once, for a total test time of 100 min. The EEG CI was calculated when contrasting EEG
during the video and reading and during the reading and divergent thinking tasks, utilizing
information collected from CZ, PZ, P3 and P4. Parents and teachers were administered
the AD/HD Rating Scale-IV (DuPaul, Power, Anastopoulos, & Reid, 1998), and parents
completed the ADHD-SI.

Although these five studies were conducted sequentially over a period of years, each
was conducted in the same laboratories and under the supervision of the same group of
researchers. A special emphasis was placed on collecting multiple assessments for diag-
nostic purposes, and each subject in all five studies has at least one biological assessment in
the form of EEG data, and at least one ADHD symptom assessment in the form of a com-
pleted symptom questionnaire, such as the AD/HD Rating Scale-IV (DuPaul et al., 1998),
Wender-Utah rating scales (Ward, Wender, & Reimherr, 1993), or the ADHD-Symptom
Inventory (ADHD-SI, Cox et al., 1999). There were, however, differing assessment tools
and EEG acquisition procedures utilized in each study, and the total assessment package is
not the same for all subjects in all five studies. As stated, the majority of these individual
studies had a sample size of 12 or less and although some significant results were obtained,
generalizability and validity of each individual study is compromised by small sample sizes.

The inclusion and exclusion criteria were consistent across these studies: Subjects in
the above five studies were placed in the ADHD group if they (a) met DSM-IV diagnostic
criteria for ADHD (with or without hyperactivity), as assessed by a structured clinical
diagnostic interview performed by a licensed clinical psychologist and/or psychiatrist, and
in Study III, the structured interview was additionally confirmed by appropriate scores
on the Conners’ Rating Scale (Conners, 1997), and Achenbach Child Behavior Checklist
(Achenbach & Edelbrock, 1983); (b) had a history of a positive response to methylphenidate,
whether they were currently on medication for ADHD or not, and no history of adverse
reaction to methylphenidate, (c) did not meet diagnostic criteria for current co-morbid
psychological disorders of depression, anxiety, psychosis, drug/alcohol abuse or addiction;
and (d) did not have any significant health problems or disorders that might effect the brain
or EEG recordings (e.g. Tourette’s Syndrome, epilepsy).

Participants in the control groups of the above studies were included if they (a)
had no known history of ADHD or disruptive behavioral disorders; (b) had never been
prescribed stimulant medication nor taken it for recreational purposes; (c) did not meet
diagnostic criteria for current co-morbid psychological disorders, including depression,
anxiety, psychosis, drug/alcohol abuse or addiction; and (d) did not have any significant
health problems or disorders that might effect the brain or EEG recordings (e.g. Tourette’s
Syndrome, epilepsy), and (e) demonstrated a lack of ADHD symptoms on our screenings.
All participants were either 15 or younger, or 17 and older. No subjects were exactly
16 years of age at the time of the assessments.
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In all five studies, individuals in the ADHD group were tested off their medication,
which was discontinued under the supervision of a psychiatrist, at least 36 hr prior to the
EEG testing. EEG acquisition was conducted for all individuals and involved the subjects
being seated in front of the computer and an appropriately sized EEG cap placed on
their heads. Electrode placement was in accordance with the international 10–20 system,
and the electrode sites were prepared with a ground in front of Cz, and a right earlobe
reference electrode. For all five of the studies, EEG signals were amplified and processed
by the Lexicor Neurosearch-24 system. The EEG data collection used standard settings of
a clinical EEG acquisition with 5 K Ohms impedance criterion measured by a Prep-Check
electrode impedance meter.

Procedure

To illustrate the advantage of our approach, we combined data from the five studies
described above.

Measures for the Meta-Analysis

From each study, we included at least one measure of symptoms of ADHD and the
EEG-Consistency Index. The symptom ratings scales included: ADHD-Symptom Inventory
(Cox et al., 1999), AD/HD Rating Scale-IV (DuPaul et al., 1998), and Wender-Utah Rating
Scale (Ward, Wender, & Reimherr, 1993). The EEG Consistency Index is a previously
reported physiological marker of ADHD (EEG-CI, Cox et al., 1999; Merkel et al., 2000;
Kovatchev et al., 2001). Information and details about these assessments are listed below.

ADHD Symptom Inventory (ADHD-SI)

The ADHD-Symptom Inventory is an 18-item scale developed from DSM-IV criteria
for ADHD and was introduced by Cox et al. (1999). The ADHD-SI has good test-retest
reliability (r = .87, p < .005). In addition, the ADHD-SI correlates highly with the Hy-
peractivity Index of the Conners’ (r = .72, p = .044), the Attention Problems subscale
of the Achenbach’s Child Behavior Checklist (r = .82, p = .013), and the Impulsivity-
Hyperactivity subscale of the Conners’ (r = .88, p = .004). Additionally, in previous
research the ADHD-SI discriminated between diagnostic status the most strongly (t = 3.7,
p < .01) among the four psychometrics with no overlap in scores (Cox et al., 1999, Merkel
et al., 2000).

AD/HD Rating Scale-IV

The AD/HD Rating Scale-IV is similar to the ADHD-SI, both scales being developed
independently and concurrently at different laboratories. This rating scale has demonstrated
adequate reliability and validity (DuPaul et al., 1998). The scale items reflect the DSM-IV
criteria and respondents are asked to indicate the frequency of each symptom on a 4-point
Likert scale. The Home and School Versions of the scale both consist of two subscales:
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Inattention (nine items) and Hyperactivity-Impulsivity (nine items). The manual provides
information regarding the factor analysis procedures to develop the scales, as well as
information regarding the standardization, normative data, reliability, validity, and clinical
interpretation of the scales (DuPaul et al., 1998).

Wender-Utah Rating Scale (WURS)

The WURS test is a 61-item retrospective self-report scale where individuals rate
the severity of ADHD symptoms experienced when they were children using a 5-point
Likert scale. For adults, WURS has been shown to be a valid retrospective screening and
dimensional measure of childhood ADHD symptoms (Stein, Fischer, & Szumowski, 1999;
Stein, Fischer, & Szumowski, 2000), to replicate and correlate with Connors Abbreviated
Parent and Teacher Questionnaire and demonstrate internal consistency reliability (Fossati
et al., 2001), and to exhibit good construct validity (Weyandt, Linterman, & Rice, 1995).

EEG Consistency Index

The EEG-CI is an EEG-based measure of ADHD (Cox et al., 1999; Kovatchev et al.,
2001; Merkel et al., 2000). The CI ranges from 0 to 100%; a CI < 40% indicates ADHD
(Kovatchev et al., 2001). The CI of a person is computed using data from two adjacent
disparate cognitive tasks. We used our previously published algorithm with threshold pa-
rameter of 1.0 and no cutoff (Kovatchev et al., 2001). These settings correspond to the
procedures employed by our previous studies (Cox et al., 1999; Kovatchev et al., 2001;
Merkel et al., 2000). A brief description of the CI follows. Details can be found in the above
referenced articles.

The CI is based on the notion that the EEG data stream can be represented by a
three-dimensional numeric array—at any given moment one dimension is frequency of
brain waves, another is spatial—the location of the electrode on a subject’s head, and
the third is time. ADHD can cause disruption in the frequency or spatial dimension or in
both. This disruption is most evident when the tested subject transitions from one cognitive
task to another, the two tasks being separated by a rest period of approximately 3–5 min.
The transition is deemed “consistent” if the differences between the means of the power
spectra from the adjacent tasks shift coherently from low to high or vice versa, for example
a consistent transition would mean that most frequency bands and most channels would
display similar unidirectional shifts, while an inconsistent transition will result in scattered
power changes across the EEG bands and channels.

Given this heuristic explanation, the algorithm for computing the CI works as
follows:

1) Discrete spectra, including residual power, are calculated for all EEG channels
through a standard FFT algorithm. The relative power of the theta, low alpha, high
alpha, and beta frequency bands was computed.

2) Power change distances (PCD) between two contiguous tasks separated by a break
(slow forward and fast forward tracing in our study) are computed for each EEG
band and channel. Each PCD is normalized using the formula below, where M1 and
M2 are the mean powers at two contiguous tasks, SD1 and SD2 are their standard
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deviation, and N1 and N2 are the epoch counts at these tasks.

PCD = M1 − M2√
SD 12

N1
+ SD 22

N2

3) PCD undergo filtering to eliminate changes below a “noise threshold” of 1.0: The
PCD values that are larger by an absolute value than the threshold will be marked
with 1 or −1 depending on their direction, while all PCD below threshold will be
marked by zero. This procedure transforms the PCD sequence into a sequence of 1,
0, −1 that indicates, for each EEG band and channel, whether a significant power
change was observed while the person shifted from the first task to the next. The CI
is defined as the count of non-zero components of this sequence. The maximum CI
equals the number of EEG channels multiplied by the number of EEG bands used
during spectrum discretization (the splitting of the power spectrum into frequency
bands). For our study, with 8-channel EEG equipment and 4 bands, the CI ranges
from 0 to 32. In order to make the results comparable across different experiments,
the CI is expressed in terms of percentage from its maximum value.

Standardizing the Scores of Different Tests

In order to integrate the various study data from the psychometric tests and the CI
results into a single assessment of ADHD, we first need to standardize the output of these
tests. In order to do so, we translate the output of each test into a probability for ADHD.
Heuristically, justification of this paradigm would be the following: any test, for ADHD
or otherwise, produces a score that is contingent upon certain (psychological, biologic,
etc.) characteristics of the tested subject. Therefore, a subject with a certain condition
(ADHD) is expected to yield a higher (or a lower score depending on the direction of
the test), compared to a subject without that condition. However, the relationship between
the condition and the test score is not always exact—it may happen that a subject without
ADHD scores high on the WURS scale, or vice versa. Thus, this relationship is probabilistic
in nature and is best quantified as a conditional probability of earning certain score, given
a preexisting condition, which is a number between 0 and 1 (or 0 to 100%), that is one of
continuum-many possible values.

During each step of the overall ADHD assessment, each subject receives a certain
test score and the magnitude of this score depends on whether the subject has ADHD, as
well as on the severity of the disorder. In other words, the probability of earning a certain
score depends on the subjects’ condition, ADHD or non-ADHD. In addition, each test has
a suggested cutoff value, and scores greater (or lower) than this cutoff value are accepted
as indicators of ADHD. Thus, for each test we can define a function that represents the
conditional probability of earning the specified score given ADHD. As in (Robeva et al.,
2004), we use a linear mapping of a test score into a [conditional] probability ranging
from 0 to 1 with the test cutoff value mapped to 0.5, and the test maximal (or minimal)
value indicating ADHD mapped to 1. Published diagnostic thresholds or cut-offs are used
to produce the piecewise linear and continuous shape for the function. Figure 1 presents
two examples of these mappings, where the X axis is the scoring cut-offs for the specified
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Fig. 1. Examples of test score standardization. (A) Calibration of the
WURS Scale. (B) Calibration of the CI.

assessment, and the Y axis is the probability of ADHD (0–100%). The necessity of such
published thresholds has made it challenging for us to include the AI of Monastra et al.
(1999) in our model, due to unavailability of published clearly defined minimum and
maximum values, and a threshold for ADHD. Thus, because the AI is still a relative (to
a control group marker) measure, it is not included in the algorithm as such, but could
easily be incorporated with more information regarding the defined values and thresholds
for scoring.
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The computing of the conditional probabilities of Fig. 1 is carried out as follows:

1) ADHD-Symptom Inventory: The score on the ADHD-SI ranges from 0 to 36 with
scores >12 indicating ADHD. The mapping formula is then:




x ≤ 12 P (ADHD | x) = x

24

x ≥ 12 P (ADHD | x) = x

48
+ 1

4

2) AD/HD Rating Scale-IV Inattentive Type: The score ranges from 0 to 100 with
scores (>93 indicating ADHD. The mapping formula is then:




x ≤ 93 P (ADHD | x) = x

186

x ≥ 93 P (ADHD | x) = x

14
− 43

7

3) WURS scale: The score ranges from 0 to 100 with scores >30 indicating ADHD.
The mapping formula is then:




x ≤ 30 P (ADHD | x) = x

60

x ≥ 30 P (ADHD | x) = x

140
+ 2

7

4) The EEG Consistency Index (CI): The Consistency Index ranges from 0 to 100%
with a CI < 40% indicating ADHD. The mapping formula is then:




x ≤ 40 P (ADHD | x) = 1 − x

80

x ≥ 40 P (ADHD | x) = 5

6
− x

120

Once the standardization of measures is completed, a Bayesian algorithm for cal-
culating the combined probability for ADHD for each individual links the results from
the individual assessments in each study. We present an outline for the algorithm below.
Additional details can be found in Robeva et al., 2004.

The algorithm works as follows: At step 0, a prior probability for ADHD P 0
ADHD = 0.5

is assigned to each subject regardless of whether she is ADHD or control. Then, after the
first test P test

1 = P P(ADHD/test score) and P test
2 = 1 − P1 are used to calculate a posterior

probability P 1
ADHD for ADHD, using the formula:

P 1
ADHD = P test

1 P 0
ADHD

P test
1 P 0

ADHD + P test
2

(
1 − P 0

ADHD

)
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From here on the procedure is recursive - after each step the posterior probability
becomes a prior probability for the next step; for example in the formula above P 0

ADHD is
replaced by P 1

ADHD, P test
1 and P test

2 derived from the second test, and so forth. In general,
the posterior probability from step (n − 1) becomes a prior probability in step (n) and then
posterior probability is computed for step (n) using the results from the assessment at step
(n). At each step we may have a “gray zone” of a nondefinitive assessment, however, at
each sequential step the gray zone will become smaller and the final result is an assessment
that is substantially more precise than any of its individual steps. The final outcome of
the Bayesian algorithms is a combined probability for ADHD assigned to each subject (0
to 100%), for example a placement of each subject on a continuum of disruption, with
greater number and severity of disruptions resulting in placement on the high extreme end
of the continuum. Since the final outcome is based upon the combination of all of the
above psycho-physiological data, it has increased specificity/sensitivity beyond any single
measure.

Statistical Analysis

T-tests were used to compare the probabilities for ADHD/no ADHD, estimated by
each tests, across the ADHD versus No ADHD groups. ANOVA with factors gender and
age group was used to compare the probabilities of ADHD across studies.

RESULTS

Probabilities for ADHD Estimated by Each Test Within Each Study

In order to illustrate the calibration process described in the section on “Methods”
Table I presents the probabilities for ADHD estimated by each test for ADHD versus
Control subjects. T-tests compare these probabilities within each study. As evident from
Table I, although a number of tests reach significance in most studies, a correction for the

Table I. Probabilities for ADHD Within Each Study for Each Test

Study ADHD-SI WURS DuPaul (I) CI Combined probability

I ADHD 0.63 — — 0.79 0.78
Control 0.04 0.24 0.014
t, p 0.0146 0 0.0009

II ADHD 0.7 — — 0.88 0.93
Control 0.16 0.57 0.21
t, p 0.0008 0.095 0.0024

III ADHD 0.86 — — 0.81 0.94
Control 0.19 0.51 0.24
t, p 0 0.0019 0

IV ADHD — 0.56 — 0.83 0.84
Control 0.18 0.18 0.033
t, p 0.0029 0.0019 0

V ADHD — — 0.68 0.65 0.74
Control 0.19 0.54 0.29
t, p 0 0.19 0
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significance level accounting for multiple parallel tests would eliminate many significant
results.

The last column of Table I (Combined probability) presents the joint results from
ADHD questionnaire plus EEG assessment within each study. The combined probability
for ADHD is computed using a previously reported Bayesian algorithm (Robeva et al.,
2004). It is evident, that a combination of tests within a study generally provides a better
ADHD-control separation than each individual test (in terms of greater t-value and smaller
p-value).

Cross-Sectional Comparisons

We now have the ingredients needed to perform a meta-analysis combining data across
studies and across tests: (1) The data from disparate tests within each study are combined
into a single probability for ADHD, and (2) The data across studies are mapped (calibrated)
onto the same probability scale, which makes them directly comparable. In order to illustrate
such a meta-analysis, Tables II and III present the results from (2 × 2 × 2) ADHD versus
control, gender, and age-group cross-sectional comparisons (ANOVA with 7,103 degrees
of freedom).

Specifically, Table II presents the means and the standard deviations for each cross-
section of the combined across studies population. It is evident that the control population
is quite homogeneous—there are no groups different in terms of their probabilities for
ADHD. The ADHD population, however is not internally homogeneous: while boys and
girls under the age of 16 are similar, and girls under 16 are similar to boys above 16, girls
above 16 stand alone as a separate subgroup, which is somewhat closer to controls in terms
of its probability for ADHD.

Table III presents the significance of the main effects in the analysis, ADHD versus
Control, Gender, and Age group, as well as their first-order interactions. As seen from
Table III, the ADHD-control differentiation is much stronger in the combined data than it
is in each separate study (Table I). In addition, we observe several significant interaction
effects, which was not possible within each of the separate studies.

Finally, Figs. 2A–2C present the process of increasing separation of ADHD and control
subjects along the steps of the Bayesian model. Each figure represents the distribution of
the subjects’ probabilities for ADHD in the ADHD versus control group. In Fig. 2A, there
is a significant number of unclassified cases (e.g., subjects with probability for ADHD
of 0.5) and a number of cases that are not clearly classified as ADHD or control. With
application of more tests, the number of unclassified cases decreases and the number of
clearly classified cases increases (the extreme left and right columns). Thus, with the
application of consecutive tests the differentiation between ADHD and non-ADHD control
groups increases, achieving a best separation at the end of the procedure (Fig. 2C).

DISCUSSION

Diagnosing ADHD presents a challenge to traditional assessment paradigms because
there is no single assessment tool or medical test that definitively establishes its presence
(Hinshaw, 1994). Instead, there are multiple tests of varying design, each of which has it’s
own administration, scoring system, and diagnostic criteria. Unfortunately, none of these
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Table III. Significance of Main Effects and First-Order Interactions

ADHD-Control Gender Age group

Main Effect F = 119.4 (p = 0.0001) F = 0.096 (p = 0.76) F = 0.57 (p = 0.45)
First-order interactions

ADHD-control F = 0.014 (p = 0.91) F = 2.66 (p = 0.11)
Gender F = 0.04 (p = 0.91) F = 2.82 (p = 0.096)
Age group F = 2.66 (p = 0.11) F = 2.82 (p = 0.096)

individual assessments has proven to be 100% accurate in diagnosing ADHD. This is to be
expected, however, since ADHD is considered to be a physiologically based disorder with a
multi-factorial etiology that includes neurobiology as an important factor, and would not be
easily classified by only one assessment tool. In fact, the reliability of the ADHD diagnosis
based on one method or test alone is quite low, and lower still when chance agreement is
considered. For example, previous research has found 78% agreement between a structured
interview and a discharge diagnosis of ADHD (Welner, Reich, Herjanic, & Jung, 1987) and
70 to 80% accuracy (with considerable variation depending on age range) of laboratory
measures of attention in correctly predicting an ADHD diagnosis (Fischer, Newby, &
Gordon, 1995).

What is needed is a methodology for combining disparate assessments and tests in
order to not only provide a more accurate diagnosis, but to also enable the combination
of multiple studies of ADHD assessments, increasing thus the sample size and providing
more power, generalizability, and possibilities for cross-sectional comparisons. Similarly,
researchers continue to look for novel methods to classify and predict diagnoses of ADHD
in the fields of imaging and genetics that will more closely link assessment data with
underlying neurobiological markers (Castellanos & Tannock, 2002). This manuscript out-
lines a theoretical framework for performing meta-analysis of data obtained from disparate
studies based on calibration of the data from such studies into a single probability scale.
We illustrate this framework with existing data from a series of smaller studies examining
the diagnosis of ADHD, but this method could be applied to any set of studies where one
wishes to combine data.

Each of the five studies we combined used a behavioral assessment of ADHD, such
as ADHD-SI, AD/HD Rating Scale-IV, Wender-Utah Rating Scale, and an EEG assess-
ment of ADHD—the CI. These two assessments were joined, within each study, using
a previously reported Bayesian algorithm (Robeva et al., 2004), resulting in a combined
probability for ADHD for each subject. In general, this combined probability presents
a better assessment of ADHD than each of the separate tests it includes. Such a proce-
dure is especially useful in situations such as diagnosing ADHD, when there is no single
conclusive assessment, but rather a number of imperfect tests that marginally address the
outcome of interest, and where researchers may have multiple related tests performed on a
single subject, which they wish to combine into a more comprehensive assessment of this
subject.

Equally important, once the data output from each study is standardized, the data can
be combined across different studies. In addition to significantly increasing the sample
size, such approach allows the data to be examined in subgroups divided by age and/or
gender, diagnostic group, and so forth. In our example, in all five studies, the subjects were
classified into groups of ADHD (Total N = 56) versus Control (Total N = 55). However,
different studies focused on different age and gender groups. The standardization of the
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Fig. 2. (A) Subject distribution after Test 1. (B) Subject distribution
after Test 1 + 2. (C) Subject distribution after Test 1 + 2 + 3.
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data allowed cross-sectional comparisons, which were not possible with the original data.
For example we found cross-sectional differences and similarities among the various age
and gender groups between control and ADHD. Although all ages and genders of the
control groups appear quite homogeneous—there are no groups different in terms of their
probabilities for ADHD, the ADHD groups, while all demonstrating probability levels
consistent with ADHD, vary by gender and age in the exact probability level. Specifically,
it is of interest that the boys and girls under the age of 16 are similar in their probabilities
levels, and girls under 16 are similar to boys above 16, girls above 16 stand alone as a
separate subgroup, which is somewhat closer to controls in terms of its probability for
ADHD. This may be reflective of a subgroup of ADHD or may reflect differences in
maturation (Clark et al., 2001). While developmental sex differences have been reported
in the imaging literature (Giedd, Castellanos, Rajapakse, Vaituzis, & Rapoport, 1997),
studies investigating gender differences in ADHD report no significant differences between
boys and girls on symptomatology, neurobiology, or response to stimulant medication
(Castellanos et al., 2002; Castellanos et al., 2000; Castellanos et al., 2001; Sharp et al.,
1999).

The proposed assessment does not aim at replacing any established practices for
screening and diagnosing of ADHD but instead at demonstrating that the outcomes of
related studies can be combined in a manner that allows meta-analysis of different types of
data which may not be collected in the same manner in each study, and which can include
physiological data as well as symptom reports.

A major limitation of the illustration of meta-analysis is the small sample size of males
older than 16 years of age, and females of any age. Despite the small sample size in these
categories, however, all presented results are statistically significant. Overall, results of
this meta-analysis appear to confirm that when analyzed separately, each individual study
included in the meta-analysis has lower power and less statistical ability to determine accu-
rate diagnosis of subjects, as well as poor generalizability. However, when combined, these
studies provide an improved ability to accurately diagnose ADHD, as well as significantly
increased power and generalizability.

It should be emphasized that the application of the proposed meta-analysis tool is not
limited to the specific tests used in the studies presented—the meta-analysis is capable of
accommodating a variety of ADHD or other tests. Specifically, almost any individual test
or assessment could be employed within this model, assuming that the output of such test
can be standardized into probabilities for the specific disorder or disease. As such, this
meta-analysis procedure may provide a much-needed tool for combining related studies
with similar or disparate tests and assessments in a number of research areas, which may
otherwise have small, less generalizable studies of limited power and utility.
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