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Abstract

Majority of the opioid-dependence and withdrawal studies are dominated with many
inconsistencies and contradictions. One of the reasons for such inconsistencies may be
methodological while performing EEG analysis. To overcome methodological limitations, in
the present study we examined the composition of electroencephalographic (EEG) brain
oscillations in broad frequency band (0.5-30 Hz) in 13 withdrawal opioid-dependent patients
and 14 healthy subjects during resting condition (closed eyes). The exact compositions of
brain oscillations and their temporal behaviour were assessed by the probability-classification
analysis of short-term EEG spectral patterns (SPs). It was demonstrated that early withdrawal
had a generalized effect: the activity in all EEG channels was affected nearly equally. EEG of
withdrawal patients was characterized by (a) different dominant SP types (had unique SP
types which describe beta frequency band), (b) increased number of SP types observed in
each EEG channel, (c) a larger percentage of alpha,-, beta-, and poly- rhythmic activity, and
by a smaller percentage of delta-, theta-, and alpha;- rhythmic activity, (d) predominantly
right-sided asymmetry, and (e) longer periods of temporal stabilization for alpha and beta
brain oscillations and by shorter periods of temporal stabilization for theta activity when
compared with control subjects. When taken together, these findings suggest a considerable
reorganization of composition of brain oscillations, which reflects a disorganization process
and an allostatic state with neuronal activation in EEG of opioid withdrawal patients.

Keywords Opioid dependence; Opioid withdrawal; Electroencephalogram (EEG); Multiple
brain oscillations; Short-term spectral patterns; Probability-classification analysis



Introduction

The present study is the second part of a longitudinal research program, which aims to
explore actual composition of brain oscillations and their temporal behaviour in current
opioid addicts entering the hospital unit for withdrawal and evaluation for methadone
treatment. In our previous study (Fingelkurts et al., 2006c), we reported that
electroencephalogram (EEG) of patients with opioid dependence was characterized by
significant reorganization of brain oscillations and changes in their temporal features. The
results supported the concept of allostatic state of addiction (Koob and Le Moal, 2001).
Allostatic state is defined as adaptive stability through change, a stability that is not within
the normal homeostatic range (McEwen, 1998). In the present study, we examined how
actual composition of brain oscillations and their temporal behaviour would change during
early withdrawal in the same opioid-dependent patients.

Even though majority of the opioid-dependence studies are made with the usage of
withdrawal patients (Benos and Kapinas, 1980; Olivennes et al., 1983; Shufman et al. 1996;
Polunina et al., 2003; Franken et al., 2004; Polunina and Davydov, 2004), the field is
dominated with many inconsistencies and contradictions: (a) some researchers found changes
only in beta,-frequency band in withdrawal opioid-dependent patients (Franken et al., 2004),
when others demonstrated changes in other than beta,-frequency bands (Gritz et al., 1975;
Benos and Kapinas, 1980; Olivennes et al., 1983; Shufman et al., 1996; Polunina and
Davydov, 2004) and (b) significance of increased beta-power in withdrawal opioid-
dependent patients is not known (Franken et al., 2004).

One of the reasons for such inconsistencies may be the usage of averaging procedures
while performing EEG analysis and the fact that the frequency bands are usually predefined
and taken in isolation from each other (for other reasons such as differences in withdrawal
length and drug doses, see Polunina and Davydov, 2004). As a result, the observed
phenomenon may be a “virtual” result of the averaging procedure (Fingelkurts et al., 2003a,
2004), which does not characterize the majority of individual EEG segments. Thus, the
averaging of the EEG signal may not only mask the dynamics of EEG characteristics, but
also may lead to ambiguous data interpretation (Fingelkurts et al., 2002, 2004). Predefined
frequency bands (the usual practice in EEG studies) do not permit researchers to examine
behaviour of the actual/natural composition of brain oscillations involved. At the same time,
it has been shown that brain functions are represented by superimposed multiple brain

oscillations in many frequency bands (Basar et al., 2000; for the review, see Basar et al.,
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2004). Moreover, total EEG power may be affected by polyrhythmic disorganized activity
(Dumermuth and Molinari, 1987). In this case, different indices and parameters of EEG may
suffer from the influences of such activity, instead of reflecting true rhythmic activity.

In connection to this, it seems reasonable to examine the actual composition of brain
oscillations and their temporal behaviour in a broad frequency band (0.5-30 Hz) in EEG of
opioid-dependent patients during early withdrawal. To assess the exact composition of brain
oscillations, their percent ratio and temporal dynamics, one should use a robust and model-
independent technique, which considers EEG non-stationarity, does not need previous
knowledge about the underlying dynamics and produces results that are easy to interpret in
terms of their neurophysiological correlates. The probability-classification analysis of short-
term EEG spectral patterns (SP) (Kaplan et al., 1999; Fingelkurts et al., 2003a) satisfies all
these criteria. This analysis results in temporal dynamics of short-term EEG SPs and
probability classification profile (PCP): short-term power spectra are computed from a long
EEG time series; then the individual power spectra are classified using a set of reference
spectra; subsequently, the relative occurrence of each class is determined, resulting in PCP
for each electrode and subject.

It was reported that PCP is highly stable over time (Fingelkurts et al., 2006a) and
provides adequate and detailed description of electromagnetic brain activity during health
(Kaplan et al., 1999; Fingelkurts et al., 2003a,b) and pathological brain conditions
(Fingelkurts et al., 2000, 2006b), and is a sensitive index reflecting drug effects on brain
dynamics (Fingelkurts et al., 2004, 2006c). Another advantage to using PCP is that
polyrhythmic disorganized activity is automatically isolated in a separate class, and thus does
not affect classes with true rhythmic activity (Fingelkurts et al., 2003a). At the same time,
class with polyrhythmic disorganized activity could be also subjected to analysis. This is
justified since it was reported that the ratio of polyrhythmic disorganized activity and
rhythmic components in EEG spectrum is strongly influenced by genetic factors (Meshkova,
1988), and as explored in our early work (Fingelkurts et al., 2003a, 2004, 2006b) the amount
of polyrhythmic disorganized activity in EEG is dependent on functional brain state and/or
task.

Hence, the aim of the present study was to investigate the actual composition of brain
oscillations and their temporal behaviour in a broad frequency band (0.5-30 Hz) in EEG of
opioid-dependent patients during early withdrawal. Considering that noradrenaline excess
during early withdrawal (a) causes opiate physical dependency (Maldonado, 1997; Devoto et
al., 2002) and withdrawal symptoms (Valmana, 1999), (b) produces changes in EEG (Cape
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and Jones, 1998) and (c) more generally might result in the allostatic state around new
homeostatic levels of the brain (Koob and Le Moal, 2001), we hypothesize that EEG of
opioid abusers during early withdrawal would be characterised by a considerable
disorganization. Such disorganization can be expressed as increased number of SP types,

increased amount of polyrhythmic activity (PA) and altered temporal characteristics.

Methods and materials

Subjects

The study included a total of 13 right-handed, opioid-dependent patients, eight men and five
women aged between 21 and 41 years of age (32 + 5 years) and 14 controls, six men and
eight women (age 33 = 5 years). Patients were hospitalized for 2 weeks in a drug-withdrawal
unit before starting methadone maintenance therapy. Criteria for such therapy at Helsinki
University Central Hospital included minimum age of 20 years, 4 years of documented 1i.v.
opioid abuse, and failure of institutional or long-lasting outpatient withdrawal therapy, which
also served as criteria for the present study inclusion. Exclusion criteria for methadone
maintenance therapy were uncontrolled polysubstance abuse, physical or psychiatric illness
that made routine therapy impossible, and alcohol dependence. In the present study,
additional exclusion criteria for both patients and controls were major head trauma and
neurologic illness.

All patients had abused opioids for 4-26 years (10 £ 5 years). Self-reported daily dose
was 0.05-1.2 g for i.v. street heroin and 2-16 mg for i.v. street buprenorphine. Almost all
patients reported irregular (episodic) use of cannabis, amphetamine, and alcohol for short
periods earlier in their lives. Some patients reported use of benzodiazepines (8 patients),
cannabis (5 patients), buprenorphine (10 patients) and amphetamine (5 patients) when heroin
was not available. However, street buprenorphine and heroin were the only drugs used by the
patients regularly (daily) for several years (at least 4).

Psychiatric diagnoses of patients and controls were explored using Structured Clinical
Interviews I and II (SCID I and II) (First et al., 1994a,b) that afford detailed information
according to the Diagnostic and Statistical Manual of Mental Disorders (DSM-IV)
(American Psychiatric Association, 1994). All patients met DSM-IV criteria for opioid
dependence, whereas eight patients met also DSM-IV criteria for benzodiazepine

dependence. Patients fulfilled no other DSM-IV criteria aside from substance abuse on axis [;
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all met DSM-IV criteria of axis II diagnosis (American Psychiatric Association, 1994) for
personality disorders. The most common was antisocial personality disorder, diagnosed in all
except one patient, who nonetheless had some features of antisocial personality disorder. Six
patients also fulfilled criteria for borderline personality disorder. One patient had negative
HCV-AB and negative HbsAg tests. All patients studied were negative for HIV-AB test. One
patient refused to be tested for HIV. Controls were volunteers from the staff of the
Institution, and no control had any experience with illegal drugs but all had drunk alcohol on
social occasions. However, none of the controls met criteria for abuse of or dependence on
alcohol. Controls did not fulfill any criteria for DSM-IV disorders on SCID I or II. All
patients and some of the controls were habitual smokers and all participants were habitual
coffee-drinkers. Even though patients group had in average smaller number of years of
education than control group, the difference was non-significant. The study was accepted by
the Ethics Committees of Helsinki University Central Hospital and all the subjects studied

gave informed written consent before enrolling in the study.

Trial Design

At the time of the EEG assessment, patients had been abstinent for 12-15 days. For a
withdrawal period, patients were visited frequently (i.e., twice per week) and unpredictably
for the purpose of detecting relapse or continued withdrawal via urine and breath screening.
Blood tests were also done if there was a suspicion of relapse. After 2 weeks of withdrawal
before starting EEG registration, urine and blood tests were made to make sure of opiod
withdrawal and exclude other illicit drug abuse. The severity of withdrawal syndrome was
verified by Short Opioid Withdrawal Scale (SOWS) or Gossop test (Gossop, 1990). SOWS is
a 16 items scale with acceptable validity and reliability. The 16 items of SOWS are
diarrhoea, stomach cramps, palpitation, agitation, irritability, dysphoria, anxiety, craving,
muscle cramp, muscle tension, yawing, coldness, nausea, aches and pains, runny eyes, and
sleep problems. Each item was assessed on four point Likert scale ranging from 0 (none) to 3
(severe). For the management of withdrawal symptoms in patients, lofexidine was used three
times per day (0.2-0.4 mg). It does not reduce cravings, but is effective in reducing the
symptoms associated with opiate withdrawal, such as chills, sweating, stomach cramps,
diarrhoea, muscle pain, runny nose and eyes (Washton et al., 1983). Lofexidine is an anti-
adrenergic drug; it does not give rise to withdrawal symptoms of its own (Strang et al.,

1999).
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The subjects were instructed to avoid smoking and caffeine for 12 h before EEG
recording. Following electrode placement and instruments calibration, a subject (patient or
healthy control) was seated in a comfortable chair in a dimmed registration room and the
experimental procedure was explained. The EEG recording was started at Noon. To reduce
muscle artifacts in the EEG signal, a subject was instructed to assume a comfortable position
and to avoid movement. A subject was instructed also to look straight in front of him/her
(even though the eyes were closed). The behavior of a subject was observed on a TV monitor
throughout the experiment. Each subject underwent 5-min EEG registration with eyes closed.

Vigilance of the subjects was controlled by (a) the presence in EEG of sleep spindles,
which naturally appear during drowsiness (Rechtschaffen and Kales, 1968), (b) occipital
decrease of alpha activity and (c) slow, pendular eye movements. Criteria for sleep spindles
detection: frequency 13-15 Hz; time duration 0.5-2.5 s, that is, one should be able to count at
least 6 or 7 distinct waves within the half-second period; peak-to-peak amplitude above 15
mkV (Rechtschaffen and Kales, 1968). Visual and spectral analysis of EEG did not reveal
any sleep spindles or diminution of occipital alpha activity (see also Fig. 2). Several EEG

epochs contained eye movements - they were rejected from the analysis.

EEG Registration

All recordings were performed in a magnetically and electrically shielded room (Euroshield,
Eura, Finland) in the BioMag Laboratory, Helsinki University Central Hospital. Electric
spontaneous brain activity was recorded with a 60-channel EEG data acquisition system
(Neuromag Vectorview, Helsinki, Finland) with a frequency band of 0.06 to 86 Hz (sampling
rate 600 Hz).

EEG was recorded with an electrode cap according to the International 10/20 extended
system and the nose electrode was used as reference. The impedance of each electrode was
monitored for each subject with an impedance meter prior to data collection; this was always
below 5 kQ. Vertical and horizontal electro-oculograms were recorded. The presence of an
adequate signal was determined by visually checking each raw signal on the computer

Screen.



Data Processing

EEG components containing artifacts because of eye blinks, significant muscle activity, and
movements were automatically removed by means of ICA (Independent Component
Analysis) procedure (Hyvérinen et al., 2001). After removing artifact-related components,
the back projection of remaining components originating from the brain was performed
(Joyce et al., 2004). It is implemented as “The FastICA package for MATLAB” freely
available online http://www.cis.hut.fi/projects/ica/fastica/ .

A full artifact-corrected EEG streams contained 5-min continuous signal (eyes closed)
for each patient and control subject. EEG data were split into two distinct groups:
“withdrawal” and “control.” Further, data processing was performed separately for each 1-
min portion of the signal. Because of the technical requirements of the tools which were later
used to process the data, EEGs from 20 electrodes (F7s, F,, F34, T3, Csss, C,, C3/a, Tss6, Py,
P34, O, Oy2) were analyzed with a converted sampling rate of 128 Hz.

After resampling and before spectral analysis, each EEG signal was bandpass-filtered in
the 0.5-30 Hz frequency range. This frequency range was chosen because approximately
98% of spectral power lies within these limits (Thatcher, 2001). Because EEG is widely
referred to as non-stationary signal with varying characteristics (Kaplan and Shishkin, 2000;
see also Fingelkurts and Fingelkurts, 2001), brain oscillations are expected to be dynamic in
nature. To capture such changing dynamics, the data series were divided into overlapping
windows. Thus, individual power spectra were calculated in the range of 0.5-30 Hz with 0.5-
Hz resolution (61 values), using FFT with a 2-s Hanning window shifted by 50 samples (0.39
s) for each channel of 1-min EEG. These values proved the most effective for disclosing
oscillatory patterns from the signal according to previous studies (Kaplan, 1998; Levy, 1987,
for details, see Fingelkurts et al., 2006b). Sliding spectral analysis compensated for the
effects of windowing, permitted us not to lose information from residual activity and
improves statistical confidence of the results. Additionally, a shift in 50 samples permitted us
to obtain a relatively high resolution (0.39 s) of the boundaries of the EEG segments with
temporally stabilized oscillatory activity.

As a result, the total number of individual SP for each channel of 1-min EEG was 149
(Fig. 1). These SPs formed the multitude of the objects for further classification procedure.
The compositions of brain oscillations (in terms of EEG SPs) were estimated with the help of
a probability-classification analysis of the short-term EEG SPs (SPclass tool, see Fingelkurts
et al., 2006c). Considering that detail description of this analysis was published elsewhere



(Fingelkurts et al., 2003a), here we are highlighting only the most important steps. In short,

this analysis was undertaken in two stages (Fig. 1).
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Figure 1. The scheme of the data processing. Sliding spectral analysis, adaptive
classification of spectral patterns (SP) and calculation of the probability-classification
profiles (PCP) were done separately for each subject and each channel of 1-min EEG.
Reproduced from Fingelkurts et al., (2007).

Gray small numbers under each SP represent the running numbers from 1 to 149. The
numbers in the square represent the labels — types of classified SPs. Column “Hz” represents
the main dominant peak(s) in particular SP. Presented PCP illustrates the composition and
percent ratio of the main brain oscillations in O; EEG for control subject during closed eyes
condition.
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During the first stage, sequential single EEG SPs were adaptively classified in each
channel of 1-min EEG using a set of standard SPs, which were generated automatically from
the EEG data itself (Fingelkurts et al., 2006¢). As the result of this classification, each current
SP was labelled according to the index of the class to which it belongs. Hence, each EEG
signal was reduced to a sequence of individually classified SPs (Fig. 1).

At the second stage, PCPs of SPs for each channel of 1-min EEG in each subject were
calculated (Fig. 1). These PCPs were calculated by taking the relative number of cases of an
SP type as a percentage of the total amount of all SPs within each EEG channel — presented
as the histogram of relative presence of each SP type. PCPs were averaged across 65 (for
withdrawal patients) and 70 (for healthy control) 1-min EEG signals separately for each EEG
channel. It was expected that these PCPs would make it possible to illustrate in detail (in SP
description) the composition of brain oscillations and their percent ratio.

In addition, three indices were calculated for each subject separately for each condition
and channel of each 1-min EEG:

a) The percentage of polyrhythmic/disorganized activity (PA), — represented by
polyrhythmic SP. A polyrhythmic spectral pattern constitutes a pattern where peaks occupy a
majority of the frequencies within the studied range. Such a spectral pattern indicates a
mixture of activity of small neuronal subpopulations, each with its own mode (Tirsch et al.,
2000).

b) Index of non-homogeneity of classification profile (NHCP) was estimated as a ratio of
the number of SP types detected in a given 1-min EEG to the total number in the standard set
(32 standard SPs — 100%). This index indicates how many different SP types participate in
PCP.

¢) Index of non-stability of classification profile (NSCP) is a percent value that reflects
how the set of distinct SP types changes across the three EEG sub-segments of 20 s within a

complete 1 min.

_n1+n2+n3

NSCP = (1
3*ns

)*100,

Where, n;, is the number of distinct SP types found in a 20-s EEG segment i; n is the
number of SP types found in all three 20-s EEG segments. The range of this index is 0—67.
d) An asymmetry score was computed by estimating a statistically significant difference

between relative presence of each SP type from PCP for all sites that have symmetrical left
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and right locations (O; and O,, and so on). Right-side-dominance would mean that relative
presence of each (or majority of) SP type(s) in the right hemisphere is significantly larger
than in the left one. Left-side-dominance would mean that relative presence of each (or

majority of) SP type(s) in the left hemisphere is significantly larger than in the right one.

Statistics

We studied the behaviour of each type of SPs separately and did not make any conclusions
per se about differences between PCPs. To show any statistically significant differences in
the relative presence of each SP type in PCPs between withdrawal patients and control
subjects the Wilcoxon test was used separately for each type of SPs presented in the PCP.
Statistical significance was assumed when p < 0.05 (only statistically significant values are
displayed). Since we intended to assess each variable in its own right, no Bonferroni
correction was applied (for the discussion, see Perneger, 1998; Rothman, 1990).

However, in the case where we examined spatial distribution of significant differences,
a Bonferroni correction was made to control for repeated observations of the same measures.
Peorrected 18 the value required to keep the number of false positives at p = 5%.

Surrogate data were used to control for the neural origin of the temporal dynamics of
SPs, which is commonly applied as direct probing a signal for a non-random temporal
structure (Ivanov et al., 1996). Surrogate signals have identical parameters with the original
signals but do not have temporal correlations. Thus, each channel of the actual EEG was
subjected to a randomized mixing of SPs. In such a way, the natural dynamics of the SP
sequence within each EEG channel was completely destroyed, but the percentage ratio
between different types of SPs remained the same. This modified EEG was described as
“random”. Even though randomization dose not account for overlapping EEG epochs, the
natural temporal structure of the randomized signal was considerably destroyed. Therefore,

these surrogate data were relevant for the analysis.

Results

General description of EEG during early withdrawal

Early withdrawal of opioid-dependent patients affected the activity in all EEG channels:

there was no single EEG channel without statistically significant differences in the relative
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presence of at least 60% of SP types in PCPs between withdrawal opioid-dependent patients
and control subjects. In general, different cortical areas were characterized by very similar
number of SP types, which demonstrated statistically significant difference in their relative
presence in PCPs, thus indicating a generalized effect of early withdrawal (not shown).

The spatial distribution of brain oscillations was generally consistent with that showed
in earlier studies: a significant (p < 0.05) increase for alpha- and decrease for delta- and

theta-rhythmic EEG segments in frontal-to-occipital direction was observed (Fig. 2A).
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Figure 2. (A) Probability-classification profiles and (B) the percentage of polyrhythmic
activity (PA), index of non-homogeneity of classification profile (NHCP), and index of non-
stability of classification profile (NSCP). Data averaged across 65 EEGs for withdrawal
patients and 70 EEGs for control subjects.

For (A): O; = occipital, P3 = parietal, Cs = central, and F; = frontal EEG channels placed at
the left hemisphere of the brain. The X-axis displays the labels (numbers) of the standard SP
from O (polyrhythmic SPs) to 32 and their main frequency peaks. The y-axis displays the
share of the corresponding SPs in the percentage from the total number of the classified SPs.
A line graphic was chosen instead of a bar for the ease of comparison. (Note that x-axis
consists of 33 discrete values, all the in-between values are meaningless). C = control
subjects; W = withdrawal opioid-dependent patients. Only those SPs which are presented in
PCPs of all EEG channels are illustrated.
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EEGs of withdrawal opioid-dependent patients and control subjects were characterized
by different sets of SP types dominant in the PCPs (Fig. 2A). Thus, SPs with fast-alpha-
[SP12 (main peak at 22 Hz)], fast-beta- [SP14 (25 Hz)] and polyrhythmic- [SPO] activity
dominated in PCPs of withdrawal opioid-dependent patients, whereas SPs with theta- [SP16
(3-4.5 Hz), SP22 (4.5-5.5 Hz) and SP31 (3-4.5-6 Hz)] and slow-alpha- [SP4 (7.5 Hz) and
SP5 (9 Hz)] activity dominated in PCPs of control subjects.

The comparative analysis of PCPs for withdrawal opioid-dependent patients and control
subjects showed that (a) the number of SP types observed in PCPs (indexed by NHCP) was
significantly larger (p < 0.0000001) in withdrawal opioid-dependent patients when compared
with control subjects (Fig. 2B), (b) non-stability of PCPs (indexed by NSCP) was
significantly larger (p < 0.0001) in withdrawal opioid-dependent patients when compared
with control subjects (Fig. 2B) and (c) there were unique SP types associated only with early
withdrawal: SP8 (main peak at 13.5 Hz), SP11 (20.5 Hz), SP12 (22 Hz), SP13 (23.5 Hz) and
SP14 (25 Hz) (Table 1).

Additionally, withdrawal opioid-dependent patients and control subjects differed from

each other according to the probability estimation of the occurrence of SP types in PCPs.

Characteristics of EEG changes induced by early withdrawal

Comparative analysis of the PCPs demonstrated that EEG during early withdrawal was
characterized by a larger percentage of alpha,- [SP6 (main peak at 10.5 Hz), SP7 (12 Hz),
SP8 (13.5 Hz) and SP29 (10.5-11.5 Hz)], beta;- [SP10 (19 Hz)], beta,- [SP11 (20.5 Hz),
SP12 (22 Hz), SP13 (23.5 Hz), and SP14 (25 Hz)], theta—beta,- [SP20 (4-25.5 Hz)], and
poly- rhythmic segments, and by a smaller percentage of delta- [SP1 (3 Hz)], delta—theta-
[SP16 (3-4.5 Hz), SP31 (3-4-5.5 Hz) and SP32 (3-4.5-6 Hz)], theta- [SP2 (4.5 Hz), SP21 (4-6
Hz) and SP22 (4.5-5.5 Hz)] and alpha;- [SP26 (8.5-10 Hz)] rhythmic segments when
compared with the EEG of control subjects (p < 0.05—p < 0.0000001 for different channels)
(Table 1, Fig. 2B).

The main effects of early abstinence described above were distributed across the whole
cortex and were detected in the majority of EEG channels (Peorrected < 0.002 to Peorrected <

0.0000001 for different channels) (Table 1).



Table 1. Spectral pattern types which demonstrated statistically significant (Pcorrected < 0.002-0.0000001) difference
between withdrawal patients and control subjects.
Data averaged across 65 EEGs for withdrawal patients and across 70 EEGs for control subjects.

Brain SP Main EEG Topographical
oscillation type peak (Hz) channels (%) distribution
Delta SP1 3 55 distributed across majority of brain lobes except occipital
SP16 3-45 95 distributed across all brain lobes*
Delta-Theta SP31  3-4-55 100 distributed across all EEG channels
SP32  3-4.5-6 90 distributed across all brain lobes
SP2 4.5 95 distributed across all brain lobes
Theta SP21 46 95 distributed across all brain lobes
SP22 4555 100 distributed across all EEG channels
Alphal SP26  8.5-10 75 distributed across all brain lobes
SP6 10.5 70 distributed across all brain lobes
Alpha2 SP7 12 100 distributed across all EEG channels
SP8 135 85 distributed across all brain lobes
SP29  10.5-11.5 75 distributed across all brain lobes
Betal SP10 19 75 distributed across all brain lobes
SP11  20.5 65 distributed across majority of brain lobes
Beta2 SP12 22 75 distributed across all brain lobes
SP13 235 85 distributed across all brain lobes
SP14 25 95 distributed across all brain lobes
Theta-Beta2 SP20 4-25.5 60 distributed across majority of brain lobes

C = Control subjects; W = withdrawal patients; SP = Spectral patterns; Hz = Frequency; "SP type" column
represents the labels of spectral pattern types; "EEG channels" column represents the number (in %) of EEG
channels where relative presence of a given SP type demonstrated statisically significant difference between
withdrawal patients and control subjects; Bold indicates unique spectral pattern types for withdrawal patients.
* One brain lobe may contain several EEG electrodes

Interhemisphere asymmetry in the EEG for withdrawal opioid-dependent patients and

control subjects

In general, for withdrawal opioid-dependent patients and control subjects, interhemisphere

13

asymmetry (Peorrected < 0.002 t0 Peorrected < 0.0001, indexed by relative presence of SPs in

PCPs) was observed in the majority of homologous EEG-channel pairs (not shown). Only F;-
F4 homologous EEG-channels pair did not reveal any interhemisphere asymmetry.
Withdrawal opioid-dependent patients had more EEG-channel pairs with right-side-

dominance asymmetry than EEG-channel pairs with left-side-dominance asymmetry (p <

0.05), whereas control subjects had the opposite results (p < 0.05).
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Temporal stabilization of the spectral patterns under early withdrawal influence

The temporal stabilization of SP types was evaluated by computing the average number (for
all EEG channels) of successive m EEG epochs of the same SP type (including polyrhythmic
spectra — the type “0”), where m is the range from 1 to 149, and was then described as a
“block™. In this case, the particular block length reflects the particular period of temporal

stabilization of brain oscillations. The results of this analysis are summarized in Figure 3.

The total number of the EEG epochs (%)

123 456 7 8 91011121314 151617 18 19

The length of block: successive EEG epochs
of the same SP type

Figure 3. The average number (for all EEG channels, n = 20) of successive m EEG epochs of
the same SP type (including polyrhythmic spectra) (the y-axis), where m is the range from 1
to 149 (the x-axis). The values are presented as a percentage of the total number of the
epochs in all EEGs, for 13 withdrawal opioid-dependent patients (n = 9 238) and 14 control
subjects (n =10 728).

C = control subjects; W = withdrawal opioid-dependent patients; R = “Random EEG” = EEG
which natural sequence of spectral pattern types has been removed in each individual
channel.
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The temporal stabilization of SPs in both EEG of withdrawal opioid-dependent patients
and EEG of control subjects was similar, showing a common characteristic: this index
decreased as the length of block increased. At the same time, EEG of withdrawal patients
was characterized by smaller index values for short periods of temporal stabilization (p <
0.001 to p < 0.0001 for different block lengths) and greater index values for long periods of
temporal stabilization (p < 0.01 to p < 0.0001 for different block lengths) when compared
with EEG of control subjects (Fig. 3).

However, it is obvious that even in the absence of any correlation between the EEG SPs
there should be a temporary stochastic stabilization of the SPs, which may reflect merely
occasional combinations of SP types. As control for the neural origin of temporal dynamics
of SPs, “random” EEG (an EEG with a random mix of different SP types separately for each
channel) was used. From Figure 3, it can be seen that the actual EEG data substantially
differed from the “random EEG” (p < 0.001 to p < 0.00001 for different block lengths). An
excessive increase in the number of blocks of length 1 for “random EEG” may indicate a
stochastic process.

It should be noted that the analysis presented above could not show the dependence
between the periods of temporal stabilization and the type of SPs. In other words, does
specific type of brain oscillations (in terms of SPs) maintain a particular period of temporal
stabilization? Therefore, we analyzed the maximum periods of temporal stabilization for all
SP types which were found in PCPs for EEG of withdrawal opioid-dependent patients and
EEG of control subjects (Fig. 4A).

The maximum periods of temporal stabilization for SP types presented in Figure 4A as
block length were recalculated in time-scale. This analysis showed that the brain “maintains”
the stabilization period of neural activity between 2 and 6 s (for different SPs) for withdrawal
opioid-dependent patients and control subjects (Fig. 4A). The longest maximum periods of
temporal stabilization for withdrawal patients were found for alpha- and beta- activity,
whereas for control subjects the maximum period of temporal stabilization was the longest
for theta-activity.

Moreover, for withdrawal opioid-dependent patients’ EEG, all SPs with alpha,-, beta;-
and betas-activity were characterized by longer maximum periods of temporal stabilization
than for control EEG (p < 0.05 to p < 0.000001 for different SP types). At the same time, for
controls’ EEG, all SPs with theta,-, theta,-, theta,-theta,-, and theta;-alpha;- activity were
characterized by longer maximum periods of temporal stabilization than for withdrawal

patients EEG (p < 0.05 to p < 0.000001 for different SP types) (Fig. 4A). The duration of



16

such periods for “random EEG” (an EEG with a random mix of different SP types) was
different from the actual EEG and reached up to 2.3-2.6 s (for different SP types) (Fig. 4A).

Finally the maximum periods of temporal stabilization (averaged across all SP types and
EEG channels) were longer for withdrawal opioid-dependent patients’ EEG than for the
control EEG (p < 0.000001) (Fig. 4B).
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Figure 4. The maximum periods of temporal stabilization: (A) for each spectral pattern type,
which was found in the EEG probability-classification profiles. The x-axis displays the labels
(numbers) of the EEG spectral patterns (SP) corresponding to the standard SP set (including
polyrhythmic spectra — type “0”) and their main frequency peaks. The y-axis displays the
maximum periods of temporal stabilization for each SP types (in terms of block length — m
EEG epochs follow in succession without SP type change, where m is the range from 1 to
149). Data averaged across all subjects and all EEG channels. Horizontal dotted line bar
represents random range of the maximum periods of temporal stabilization for “Random
EEG” (EEG whose natural sequence of spectral pattern types has been completely removed
in each individual channel); (B) for all EEG channels. Data averaged across all subjects and
all SP types observed in the EEG probability-classification profiles. C = control subjects; W
= withdrawal opioid-dependent patients.

Relationships between severity of withdrawal symptoms and EEG changes induced by early

withdrawal

The severity of withdrawal symptoms was measured by Gossop test (Gossop 1990). Patients
had different values on the Gossop scale. This means that withdrawal symptoms were
expressed in different magnitude in different patients. Correlation analysis of EEG changes
(increase of the percentage of polyrhythmic-, theta-beta-, and beta- activity) induced by early
withdrawal and the values of Gossop test permitted us to reveal the dependence between
some EEG changes induced by early withdrawal and the magnitude of the withdrawal
symptoms (Table 2). However, only the patients with high values on Gossop scale (from 9 to
25 (n = 8)) demonstrated such correlation. Thus, it was found that as a severity of withdrawal
symptoms increase, the percentage of polyrhythmic-, theta-beta-, and beta- activity increase

(Spearman rank correlations: r =0.74 —r =86, p <0.05 to p <0.01, Table 2).

Table 2. Relationship between severity of

abstinence symptoms and different types
of EEG activity.

EEG activity r p

Polyrhythmic 0.81 <0.02
Theta-beta 0.74 < 0.05
Beta 0.86 <0.01

r = Spearman rank correlations
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Discussion

Findings of the present study fully support our hypothesis that EEG of opioid abusers during

early withdrawal would be characterised by a considerable disorganization.

Characteristics of EEG changes induced by early withdrawal

We found that early withdrawal of opioid-dependent patients had a generalized effect: the
magnitude of EEG changes in all EEG channels was nearly equal. This means that EEG of
withdrawal patients was characterized by a more homogeneous topological pattern than the
control EEG. Because the main differences described in this article have been observed in all
EEG channels, it appears that the distributed neuronal networks were involved in early
withdrawal process. Thus, early withdrawal of opioid-dependent patients can be
conceptualized as a dysfunction in distributed neural circuits, rather than local focal changes.
Generally, early withdrawal was characterized by different sets of SP types dominant in the
PCPs when compared with control subjects (Fig. 2A). Additionally, it caused decrease in
stability of PCPs and increase in the number of SP types observed in PCPs for each EEG
channel when compared with control subjects (Fig. 2B). This means that EEG during early
withdrawal was more diverse (in terms of brain oscillations) than EEG of control subjects.
Partly this was due to the fact that withdrawal was associated with unique SP types which
describe beta frequency band (Table 1).

Comparative analysis of the PCPs demonstrated that EEG during early withdrawal was
characterized by a larger percentage of alpha,-, beta;-, beta,-, theta—beta,-, and poly-
rhythmic segments, and by a smaller percentage of delta-, theta-, and alpha;- rhythmic
segments when compared with the EEG of control subjects (Table 1, Fig. 2B). These results
confirm the increase of beta activity obtained earlier with the use of conventional spectral
analysis methods (Franken et al., 2004; Polunina et al., 2003; Polunina and Davydov, 2004).
However, results of the present study substantially extended previously known data: early
withdrawal changed the total amount of the time (percentage of EEG segments) that
particular type of brain oscillations was on, rather than changed its amplitude or power. The
importance of brain oscillatory states for opioid dependence was demonstrated earlier:
Polunina and Davydov (2004) reported that the duration of daily opioids abuse related much

stronger to EEG frequency shifts compared with power variable changes.
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Observed in the present study, increase in the percentage of beta-rhythmic segments (in
most cases beta-rhythmic segments were unique for abstinence) during early withdrawal
(Table 1) may be associated with predisposition to substance use (Costa and Bauer, 1997),
and reflect (a) a state of cognitive or emotional (Ray and Cole, 1985) and neuronal (Porjesz
et al., 2002) activation and (b) an increase in alertness (Knyazeva and Vil’davskii, 1986;
Bouyer et al., 1987; Bonnet and Arand, 2001) and can be interpreted as reflecting increased
excitatory activity. This interpretation is consistent with the idea that the neuronal assemblies
synchronized within beta-frequency band represent a general state of arousal (Porjesz et al.,
2002), which is presumably more typical for short-term withdrawal patients than for healthy
controls (Franken et al., 2004). Indeed, the early opioid withdrawal is characterized by
catecholamine imbalances, especially noradrenaline excess (Maldonado, 1997; Valmana,
1999; Devoto et al., 2002). Noradrenaline in its turn, depolarizes and excites the cholinergic
cells, and produces an increase in beta-EEG activity, a decrease in delta activity, and an

increase in waking (Edmund et al., 1998).

The present study did not confirm slowing of alpha-rhythm in withdrawal opioid addicts
reported earlier (Gritz et al., 1975; Gekht et al., 2003). The increase in the percentage of fast-
alpha-rhythmic EEG segments during early withdrawal in the present study (Table 1) may
reflect activation of cortical neuronal networks (Lopes da Silva et al., 1980; Pfurtscheller and
Klimesch, 1990) and suggests an increase in alertness (as indicated by Knyazeva and
Vil’davskii, 1986; Bonnet and Arand, 2001). This can be interpreted as the internalization of
information processing — sort of “disconnection” of the brain from the outside world, but

with increased receptiveness (readiness to respond to relevant stimuli).

Considering that alpha activity decreases during selective attention (Lopes da Silva,
1991; Steriade et al., 1990) and that the activity in the theta and slow-alpha bands may be
responsible for the encoding of new information (Doppelmayr et al., 1998; Klimesch, 1999)
and non-specific selective attention processes (Klimesch et al., 1998) correspondently, the
results of the present study (Table 1) may suggest that early withdrawal alters attentional
(Franken et al., 2000; Franken, 2003) and memory (Curran et al., 2001; Hyman and Malenka,
2001) mechanisms. Cortical activity that is not driven by external stimuli, such as in the
present study, may reflect processing of internal mental context (top down processing) (von
Stein and Sarnthein, 2000). Indeed, it was reported that heroin abusers directed more
attentional resources towards heroin cues compared to neutral cues (Franken et al., 2000;

Lubman et al., 2000) and that opioid system is involved in attentional bias (Hernandez and

Watson, 1997).
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The present study demonstrated that the number of EEG segments with polyrhythmic
activity was larger in EEG of withdrawal patients than in the control EEG. This finding is
consistent with the results of our previous study, where we reported that different pathologies
of the brain were characterized by increased percent of EEG segments with polyrhythmic
activity (Fingelkurts et al., 2000, 2006b). Some (small) percent of polyrhythmic activity
always exists in a healthy EEG (Fingelkurts et al., 2002, 2003a, 2004); however pathological
processes cause its elevation (Grindel, 1973; Fingelkurts et al., 2000, 2006b). It seems that
polyrhythmic activity is necessary to maintain a high level of activity in neuronal networks

for sustained periods of time (Gutkin et al., 2001).

The fact that the percentage of polyrhythmic-, theta-beta-, and beta- activity predicted
positively the values of Gossop test suggests a specificity of these indices and reflects the
increase in EEG disorganization along with the increase in the severity of withdrawal

symptoms.

When taken together, these findings suggest a considerable reorganization of
composition of brain oscillations, which reflects a disorganization process in EEG of
abstinent patients: (1) an increased amount of fast-alpha-, beta-, and poly-rhythmic
disorganized activity, (2) an increased diversity of SPs in PCPs, and (3) a reduced stability of
PCPs.

Interhemisphere asymmetry in the EEG during early withdrawal

Analysis of the interhemisphere asymmetry indexed by the relative presence of each SP type
in PCPs for each homologous EEG-channel pair demonstrated that withdrawal opioid-
dependent patients had predominantly right-sided asymmetry, whereas control subjects had
predominantly left-sided asymmetry. This indicates that early withdrawal changes
interhemisphere brain asymmetry from relatively left-sided to relatively right-sided
dominance. This may suggest the higher sensitivity of the right hemisphere to adverse early
withdrawal effects in comparison with the left. This idea is supported by the other EEG study
(Papageorgiou et al., 2001) where the authors reported more severe right hemisphere

dysfunction in the withdrawal heroin abusers.
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Temporal stabilization of the spectral patterns under early withdrawal

A single EEG spectrum illustrates the particular integral dynamics of tens and hundreds of
thousands of neurons in a given cortical area at a particular point in time (Dumermuth and
Molinari, 1987). Therefore, the absence of variance of a single spectrum during several
analysed epochs proves that in a given cortical area the same macro-regimen of neuronal
pool activity is maintained during that period. This phenomenon of a temporal stabilization
may be explained by the stabilization of oscillatory patterns in the brain. In the present study,
EEG of withdrawal patients was characterized by longer periods of temporal stabilization for
alpha- and beta- brain oscillations and by shorter periods of temporal stabilization for theta
activity when compared with control subjects (Fig. 3 and Fig. 4A). Note that these
estimations differed significantly in the “random EEG” (EEG whose natural sequence of SP
type has been completely removed in each individual channel) that reflects the temporal
stabilization of the main dynamic parameters of neuronal activity being of the non-occasional
character (Fig. 3 and Fig. 4A). It seems that in EEG of withdrawal patients, brain oscillations
of high frequencies (above 13 Hz) in the neighbouring analysis epochs have high
deterministic influence on each other. Perhaps, increased stabilization periods of SPs with
this brain oscillations indicate that the brain’s operations completed less dynamically in these
frequencies and that there exists a transition to a less differential organization of spectral
relations, where neural elements become less independent and are able to function as united
informational channels (Lindsley, 1961).

Recently, it has been suggested that pathological process is a process with a change in
the temporal dynamics from what is normal, rather than regularity or irregularity of those
dynamics (for a review, see Fingelkurts et al., 2005). This may suggest a development of
allostatic state (Koob and Le Moal, 2001) - a state of chronic deviation of brain oscillatory
systems from their normal state of operation with establishment of a new set point.
Withdrawal-negative affect component is dominated by decreases in dopamine and opioid
peptide function (Koob and Moal, 2001). These decreases are hypothesized to contribute to a
shift in reward set point (Koob and Moal, 2001) as well as recruitment of the brain stress
system such as noradrenaline (Maldonado, 1997; Valmana, 1999; Devoto et al., 2002).
Support for an allostatic view of drug addiction, reward regulation and EEG oscillations has

been reported in Fingelkurts et al., (2006c¢).
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Dynamic of EEG changes from opioid dependence to early withdrawal

Comparison of EEG characteristics during early withdrawal (the present study) and under
opioid dependence (our previous study, Fingelkurts et al., 2006c) showed that early
withdrawal is a distinct brain state in its own right, which differed from both opioid-
dependence and control groups. Thus, during early withdrawal the number of SP types
observed in PCPs and percentage of EEG segments with beta activity continue to increase;
and percentage of EEG segments with pure-theta activity continue to decrease in the same
direction as for opioid-dependence condition (see our previous study, Fingelkurts et al.,
2006c¢). At the same time, early withdrawal showed unique changes in EEG, which were not
detected for opioid-dependence. Thus, early withdrawal causes increase in (a) percentage of
theta-beta- and poly-rhythmic activity, (b) instability of PCPs, and (c) the number of
asymmetric SPs. Additionally, percentage of EEG segments with pure-alpha- and with theta-
alpha- activity decreased during early withdrawal when compared with opioid-dependence.

Even though there are no studies on the influence of lofexidine on EEG, we cannot rule
out a contribution of lofexidine effect in the described differences between early withdrawal
and opioid-dependence.

Before coming to the final conclusions, an alternative attribution of the results obtained
in the present study should be considered. It could be suggested that these results may be
attributed primarily to the comorbid psychiatric conditions of the patients (see section
Subjects). This view seems unlikely for the following reasons: (1) The most common was the
antisocial personality disorder, which was diagnosed in all except one patient, who also had
some features of antisocial personality disorder. According to the literature, antisocial
personality disorder is characterized by an overall reduction in alpha activity, a bilateral
increase in occipital delta and theta activity (Lindberg et al., 2005), and by increased frontal
left-hemisphere EEG activation (Deckel et al., 1996). These data contradict to the results of
the present study (see Fig. 2, Table 1 and section ‘Interhemisphere asymmetry in the EEG
during early withdrawal’); (2) Six patients also met criteria for borderline personality
disorder. According to the literature this disorder is characterized by a 40-84% incidence of
diffuse EEG slowing (Tanahashi, 1988; De la Fuente et al., 1998). These data contradict to
the results of the present study too (see Table 1); (3) We found that as a severity of
withdrawal symptoms increase, the percentage of polyrhythmic-, theta-beta-, and beta-

activity increase (Table 2). Thus, even though we cannot deny the influence of comorbid
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psychiatric conditions on EEG effects, above-mentioned reasons together give ground to
suppose that this influence was insignificant in the present study.

Considering that there is some, though not consistent, evidence for general intellectual
decline in very recent or ongoing chronic opioid abuse (Grant et al., 1978; Rounsaville et al.,
1982), one may explain the observed differences in resting state EEG by possible significant
between-group difference in 1Q. However, verbal intelligence, which was assessed for all
patients when they participated in another study (Rapeli et al., 2006) did not differ from
healthy controls.

Results of this study should be considered as preliminary due to relatively small number

of subjects. Further study with a larger number of patients is needed.

Conclusions

Taken together results obtained in the present study (a second part of longitudinal research
program) demonstrated considerable reorganization of composition of brain oscillations and
their temporal behaviour, which reflects a disorganization process and an allostatic state with
neuronal activation in EEG of withdrawal patients. This process affected brain activity in all
EEG channels nearly equally. Increase in the percentage and duration of beta- and fast-alpha-
thythmic segments in EEG of withdrawal patients suggested a state of emotional and
neuronal activation. Right-sided dominance in withdrawal brain suggested the higher
sensitivity of the right hemisphere to adverse early withdrawal effects in comparison with the
left one.

We also found that as a severity of withdrawal symptoms increase, the percentage of
polyrhythmic-, theta-beta-, and beta- activity increase. Such significant statistical relationship
between EEG parameters and severity of opioid withdrawal gives the ground to suppose that

the influence of lofexidine treatment on the study results was insignificant.

Acknowledgments

The authors thank Carlos Neves, computer science specialist, for programming,
technical and IT support. We wish to thank Alexander Ilin for his consultation on ICA codes.
Parts of this work have been supported by the Helsinki University Central Hospital,
Academy of Finland, The Finnish Medical Foundation, TEKES, Yr1j6 Jahnsson Foundation,

and BM-Science Centre.



24

References

APA (1994) Diagnostic and statistical manual of mental disorders (4th edn). American
Psychiatric Association, Washington, DC

Basar E, Basar-Eroglu C, Karakas S, Schurmann M (2000) Brain oscillations in perception
and memory. Int J Psychophysiol 35: 95-124

Basar E, Basar-Eroglu C, Karakas S, Schurmann M (2001) Gamma, alpha, delta, and theta
oscillations govern cognitive processes. Int J Psychophysiol 39: 241-248

Basar E, Ozgéren M, Karakas S, Basar-Eroglu C (2004) Super-synergy in the brain: The
grandmother percept is manifested by multiple oscillations. Int J Bifurcat Chaos 14: 453-
491

Benos J, Kapinas K (1980) EEG-Untersuchungen bei heroinisten in der entwonungsphase.
medwelt band 31(Heft 39): 1395-1399

Bonnet MH, Arand DL (2001) Impact of activity and arousal upon spectral EEG parameters.
Physiol Behav 74: 291-298

Bouyer JJ, Montaron MF, Vahnee JM, Albert MP, Rougeul A (1987) Anatomical
localization of cortical beta rhythms in cat. Neuroscience 22: 863—-869

Cape EG, Jones BE. (1998) Differential Modulation of High-Frequency -
Electroencephalogram Activity and Sleep-Wake State by Noradrenaline and Serotonin
Microinjections into the Region of Cholinergic Basalis Neurons. J Neurosci 18(7): 2653-
2666

Costa L, Bauer L (1997) Quantitative electroencephalographic differences associated with
alcohol, cocaine, heroin and dual-substance dependence. Drug Alcohol Depend 46(1-2):
87-93

Curran HV, Kleckham J, Bearn J, Strang J, Wanigaratne S (2001) Effects of methadone on
cognition, mood and craving in detoxifying opiate addicts: a dose response study.
Psychopharmacology 154: 153-160

Deckel AW, Hesselbrock V, Bauer L (1996) Antisocial personality disorder, childhood
delinquency, and frontal brain functioning: EEG and neuropsychological findings. J Clin
Psychol 52(6): 639-650

De la Fuente JM, Tugendhaft P, Mavroudakis N (1998) Electroencephalographic
abnormalities in borderline personality disorder. Psychiatry Res 77: 131-138

Devoto P, Flore G, Pira L, Diana M, Gessa L (2002) Co-release of noradrenaline and
dopamine in the prefrontal cortex after acute morphine and during morphine withdrawal.
Psychopharmacology (Berl.) 160(2): 220-224

Doppelmayr M, Klimesch W, Schwaiger J, Auinger P, Winkler T (1998) Theta
synchronization in the human EEG and episodic retrieval. Neurosci Lett 257: 41-44

Dumermuth HG, Molinari L (1987) Spectral analysis of the EEG. Some fundamentals
revisited and some open problems. Neuropsychobiol 17: 85-99

Cape EG, Jones BE (1998) Differential modulation of high-frequency-electroencephalogram
activity and sleep-wake state by noradrenaline and serotonin microinjections into the
region of cholinergic basalis neurons. J Neurosci 18(7): 2653-2666

Fingelkurts AnA, Fingelkurts AlA (2001) Operational architectonics of the human brain
biopotential field: Towards solving the mind-brain problem. Brain and Mind 2: 261-296

Fingelkurts AlA, Fingelkurts AnA, Grin’ EU, Ermolaev VA, Kaplan AYa (2000) Adaptive
classification of EEG spectral patterns: the comparison between healthy subjects and
patients with different brain pathologies. Vestnik Moskovskogo Universiteta (Bulletin of
Moscow State University). Series: Biology 4: 3-11 (In Russian)

Fingelkurts AlA, Fingelkurts AnA, Krause CM, Sams M (2002) Probability interrelations
between pre-/post-stimulus intervals and ERD/ERS during a memory task. Clin
Neurophysiol 113: 826843



25

Fingelkurts AlA, Fingelkurts AnA, Kaplan AYa (2003a) The regularities of the discrete
nature of multi-variability of EEG spectral patterns. Int J Psychophysiol 47: 23-41

Fingelkurts AlA, Fingelkurts AnA, Krause CM, Kaplan AYa (2003b) Systematic rules
underlying spectral pattern variability: Experimental results and a review of the
evidences. Int J Neurosci 113: 1447-1473

Fingelkurts AlA, Fingelkurts AnA, Kivisaari R, Pekkonen E, Ilmoniemi RJ, Kdhkénen S
(2004) The interplay of lorazepam-induced brain oscillations: microstructural
electromagnetic study. Clin Neurophysiol 115: 674-690

Fingelkurts AnA, Fingelkurts AlA, Kidhkonen SA (2005) New perspectives in pharmaco-
electroencephalography. Prog. Neuropsychopharmacol. Biol Psychiatry 29(2): 193-199

Fingelkurts AlA, Fingelkurts AnA, Ermolaev VA, Kaplan AYa (2006a) Stability, reliability
and consistency of the compositions of brain oscillations. Int J Psychophysiol 59(2): 116-
126

Fingelkurts AlA, Fingelkurts AnA, Kaplan AYa (2006b) Interictal EEG as a physiological
adaptation. Part I: Composition of brain oscillations in interictal EEG. Clin Neurophysiol
117: 208-222

Fingelkurts AlA, Fingelkurts AnA, Kivisaari R, Autti T, Borisov S, Puuskari V, Jokela O,
Kéhkonen S (2006¢) Reorganization of the composition of brain oscillations and their
temporal characteristics in opioid dependent patients. Prog Neuropsychopharmacol Biol
Psychiatry 30(8): 1453-1465

Fingelkurts AlA, Kdhkonen S, Fingelkurts AA, Kivisaari R, Borisov S, Puuskari V, Jokela O,
Autti T (2007) Composition of EEG oscillations and their temporal characteristics:
Methadone treatment. Int J Psychophysiol 64: 130-140

First MB, Spitzer RL, Gibbon M, Williams JBW, Benjamin L (1994a) Structured clinical
interview for DSM-IV axis II personality disorders. (Version 2.0). New York State
Psychiatric Institute, New York

First MB, Spitzer RL, Gibbon M, Williams JBW (1994b) Structured clinical interview for
DSM-1V axis I disorders. (Version 2.0). New York State Psychiatric Institute, New York

Franken IHA (2003) Drug craving and addiction: Integrating psychological and
neuropsychopharmacological approaches. Prog Neuropsychopharmacol Biol Psychiatry
27(4): 563-579

Franken IHA, Kroon LY, Wiers RW, Jansen A (2000) Selective cognitive processing of drug
cues in heroin dependence. J Psychopharmacol 14(4): 395-400

Franken TH, Stam CJ, Hendriks VM, van den Brink W (2004) Electroencephalographic
power and coherence analysis suggests altered brain function in abstinent male heroin-
dependent patients. Neuropsychobiology 49(2): 105-110

Gekht AB, Polunina AG, Briun EA, Davydov DM (2003) Brain bioelectrical activities in
heroin addicts during early abstinence period. Zh Nevrol Psikhiatr im SS Korsakova
103(5): 53-59

Gossop M (1990) The development of short opiate withdrawal scale (SOWS). Addict Behav
15: 487490

Grant I, Adams KM, Carlin AS, Rennick PM, Judd LL, Schoof K (1978) The collaborative
neuropsychological study of polydrug users. Arch Gen Psychiatry 35: 1063-1074

Grindel OM (1973) Electroencephalogram during brain trauma. In Clinical
Electroencephalography. Medicine, Moscow, pp. 213-259. (In Russian).

Gritz ER, Shiffman SM, Jarvik ME, Haber A, Dymond AM, Coger R, Charuvastra V,
Schlesinger J (1975). Physiological and psychological effects of methadone in men. Arch
Gen Psychiatry 32(2): 237— 242

Gutkin BS, Lang CR, Colby CL, Chow CC, Ermentrout GB (2001) Turning on and off with
excitation: the role of spike-timing asynchrony and synchrony in sustained neural
activity. J] Comput Neurosci 11: 121-134



26

Hernandez LL, Watson KL (1997) Opioid modulation of attention-related responses: delta-
receptors modulate habituation and conditioned bradycardia. Psychopharmacology 131:
140-147

Hyman SE, Malenka RC (2001) Addiction and the brain: the neurobiology of compulsion
and its persistence. Nat Rev Neurosci 2: 695-703

Hyviérinen A, Karhunen J, Oja E (2001) Independent component analysis. John Wiley &
Sons, New York, USA.

Ivanov DK, Posch HA, Stumpf C (1996) Statistical measures derived from the correlation
integrals of physiological time series. Chaos 6: 243-253

Joyce CA, Gorodnitsky IF, Kutas M (2004) Automatic removal of eye movement and blink
artifacts from EEG data using blind component separation. Psychophysiology 41: 313-
325

Kaplan AYa (1998) Nonstationary EEG: methodological and experimental analysis. Usp
Fiziol Nauk (Success in Physiological Sciences) 29(3): 35-55 (In Russian)

Kaplan AYa, Shishkin SL (2000) Application of the change-point analysis to the
investigation of the brain’s electrical activity. In Brodsky BE, Darkhovsky BS (eds),
Non-parametric Statistical Diagnosis. Problems and Methods. Kluwer Academic
Publication, Dordrecht, pp 333-388

Kaplan AYa, Fingelkurts AlA, Fingelkurts AnA, Grin’ EU, Ermolaev VA (1999) Adaptive
classification of dynamic spectral patterns of human EEG. Journal VND (Journal of
Higher Nerve Activity) 49: 416-426 (In Russian)

Klimesch W (1999) Event-related band power changes and memory performance. Event-
related desynchronization and related oscillatory phenomena of the brain. In Pfurtscheller
G, Lopez da Silva FH (eds), Handbook of electroencephalography and clinical
neurophysiology. Elsevier, Amsterdam, pp 151-178 (Revised ed. Vol 6)

Klimesch W, Doppelmayr M, Russegger H, Pachinger T, Schwalger J (1998) Induced alpha
band power changes in the human EEG and attention. Neurosci Lett 244: 73-76

Knyazeva MG, Vil’davskii VU (1986) Correspondence of spectral characteristics of EEG
and regional blood circulation in 9-14 years old children. Physiologija Cheloveka
(Human Physiology) 12(3): 387-394

Koob GF, Le Moal M (2001) Drug addiction, dysregulation of reward, and allostasis.
Neuropsychopharmacology 24: 97-129

Levy WIJ (1987) Effect of epoch length on power spectrum analysis of the EEG.
Anesthesiology 66(4): 489-495

Lindberg N, Tani P, Virkkunen M, Porkka-Heiskanen T, Appelberg B, Naukkarinen H,
Salmi T (2005) Quantitative electroencephalographic measures in homicidal men with
antisocial personality disorder. Psychiatry Res 136(1): 7-15

Lindsley DB (1961) The reticular activation system and perceptual integration. In Sheer DE
(ed), Electrical Stimulation of the Brain. University Texas Press, Austin, pp331

Lopes da Silva FH (1991) Neuronal mechanism underlying brain waves: from neuronal
membranes to networks. Electroencephalogr Clin Neurophysiol 79: 8§1-93

Lopes da Silva FH, Vos JE, Mooibroek J, Van Rotterdam A (1980) Relative contributions of
intracortical and thalamo-cortical processes in the generation of alpha rhythms, revealed
by partial coherence analysis. Electroencephalogr Clin Neurophysiol 50: 449-456

Lubman DI, Peters LA, Mogg K, Bradley BP, Deakin JF (2000) Attentional bias for drug
cues in opiate dependence. Psychol Med 30: 169-175

Maldonado R (1997) Participation of noradrenergic pathways in the expression of opiate
withdrawal: biochemical and pharmacological evidence. Neurosci Biobehav Rev 21(1):
91-104



27

Meshkova TA (1988) Chapter III: Role of heredity and environment in interindividual
variability of EEG. In Ravich-Shcherbo IV (ed), The role of environment and heredity in
formation of human individuality, Pedagogica, Moscow, pp 335

McEwen BS (1998) Stress, adaptation, and disease: allostasis and allostatic load. Ann N Y
Acad Sci 840: 33-44.

Olivennes A, Charles-Nicolas A, Olievenstein Cl (1983) Alte'rations de
I’e’lectroence phalogramme de veille dans la grande he ror nomanie. Ann Med Psychol
(Paris) 141: 458-469

Papageorgiou C, Liappas I, Asvestas P, Vasios C, Matsopoulos GK, Nikolaou C, Nikita KS,
Uzunoglu N, Rabavilas A (2001) Abnormal P600 in heroin addicts with prolonged
abstinence elicited during a working memory test. NeuroReport 12: 1773-1778

Perneger TV (1998) What is wrong with Bonferroni adjustments? Br Med J 136: 1236-1238

Pfurtscheller G, Klimesch W (1990) Topographical display and interpretation of event-
related desynchronization during visual-verbal task. Brain Topogr 3: 85-93

Polunina AG, Davydov DM (2004) EEG spectral power and mean frequencies in early
heroin abstinence. Progr Neuropsychopharmacol Biol Psychiatry 28: 73—82

Polunina AG, Briun EA, Davydov DM (2003) Brain bioelectrical activities in heroin addicts
during early abstinence period. Zh Nevrol Psikhiatr im SS Korsakova (Korsakov's
Journal of Neurology and Psychiatry) 103(5): 53—59 (In Russian)

Porjesz B, Almasy L, Edenberg HJ, Wang K, Chorlian DB, Foroud T, Goate A, Rice JP,
O'Connor SJ, Rohrbaugh J, Kuperman S, Bauer LO, Crowe RR, Schuckit MA,
Hesselbrock V, Conneally PM, Tischfield JA, Li T-K, Reich T, Begleiter H (2002)
Linkage disequilibrium between the beta frequency of the human EEG and a GABAA
receptor gene locus. Proc Natl Acad Sci USA 99(6): 3729-3733

Rapeli P, Kivisaari R, Autti T, Kédhkonen S, Puuskari V, Jokela O, Kalska H (2006)
Cognitive function during early abstinence from opioid dependence: a comparison to age,
gender, and verbal intelligence matched controls. BMC Psychiatry 6: 9,
doi:10.1186/1471-244X-6-9

Ray W, Cole H (1985) EEG alpha activity reflects attentional demands and beta activity
reflects emotional and cognitive processes. Science 228: 750-752

Rechtschaffen A, Kales A (1968) A manual of standardized terminology, techniques and
scoring system for sleep stages in human subjects. Number 204 in National Institutes of
Health Publications. US Government Printing Office, Washington DC

Rothman KJ (1990) No adjustments are needed for multiple comparisons. Epidemiology 1:
43-46

Rounsaville BJ, Jones C, Novelly RA, Kleber H (1982) Neuropsychological functioning in
opiate addicts. J Nerv Ment Dis 170: 209-216

Shufman E, Perl E, Cohen M, Dickman M, Gandaku D, Adler D, Veler A, Bar-Hamburger
R, Ginath Y (1996) Electro-encephalography spectral analysis of heroin addicts
compared with abstainers and normal controls. Isr J Psychiatry Relat Sci 33(3): 196-206

Steriade M, Gloor P, Llinas RR, Lopes da Silva FH Mesulam MM (1990) Basic mechanisms
of cerebral rhythmic activities. Electroencephalogr Clin Neurophysiol 76: 481-508

Strang J, Bearn J, Gossop M (1999) Lofexidine for opiate detoxification: review of recent
randomised and open controlled trials. Am J Addict 8(4): 337-348

Tanahashi Y (1988) Electroencephalographic studies of borderline personality disorder.
Juntendoigaku 34: 207-219 (In Japanese)

Thatcher RW (2001) Normative EEG databases and EEG biofeedback. J Neurotherapy 2-4:
1-29

Tirsch WS, Keidel M, Perz S, Scherb H, Sommer G (2000) Inverse covariation of spectral
density and correlation dimension in cyclic EEG dynamics of the human brain. Biol
Cybern 82: 1-14



28

Valmana A (1999) Nonmethadone pharmacotherapies in opioid addiction. Curr Opin
Psychiatry 12(3): 307-310

von Stein A, Sarnthein J (2000) Different frequencies for different scales of cortical
integration: from local gamma to long range alpha/theta synchronization. Int J
Psychophysiol 38: 301-313

Washton AM, Resnick RB, Geyer G (1983) Opiate withdrawal using lofexidine, a clonidine
analogue with fewer side-effects. J Clin Psychiatry 44: 335-337



