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Article Highlights:

•	 Little is known about the neural mechanisms underlying prescription opioid use 
disorder (P-OUD).

•	 Abnormal communication between and within brain regions is thought to be involved 
in opioid abuse.

•	 In this study comparing 18 P-OUD and 18 healthy individuals, abnormal EEG connectivity 
at scalp surface and in salience processing regions in patients were associated with 
cravings and depression ratings. 

•	 P-OUD is characterized by neuroelectrophysiological dysconnectivity, which may serve 
as a target for treatment interventions.

Abstract

The existing, though limited, research in Opioid Use Disorder (OUD) has pointed to 
disruptions in EEG α and β connectivity related to heroin use. Similar studies have yet to 
examine neural connectivity associated with the non-medical use of prescription opioid 
medications. This pilot study, comparing 18 patients with prescription OUD and 18 healthy 
controls assessed ‘resting-state’ sensor-level connectivity, and intracortical source model-
based (eLORETA) lagged functional connectivity in regions of interest within the salience 
network (SN). The SN serves to signal salient events, including drug-related internal and 
external stimuli. At the sensor-level, patients revealed reduced α frequency connectivity 
within and between frontal, temporal, posterior and inter-hemispheric regions. At the 
source-level, patients showed disrupted β frequency connectivity within the anterior 
cingulate (ACC) and between ACC-anterior insular (AI) nodes of the SN. In patients, sensor- 
and source-level α and β frequency connectivity profiles were associated with self-reported 
cravings (primarily drug desire); sensor-level intra-regional α connectivity correlated 
with depression scores. These preliminary electrophysiological findings in patients with 
prescription OUD underline altered neuronal communication during rest and encourage 
further research on connectivity measures as possible targets for novel treatment 
interventions. 
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Introduction

Rising problematic use of opioids, now expanded to heroin and illicit synthetic drugs 
(fentanyl and its analogues), is a major health concern worldwide. Although effectively 
managed with an accepted multifaceted treatment approach, including pharmacological and 
psychological therapies [1], evidence-based treatment for patients with opioid use disorder 
(OUD) is accompanied by relapses, overdoses, and multiple treatment failures [2]. OUD is 
a complex disorder of the brain characterized by disruption in multiple cortical (frontal, 
temporal, and parietal) and subcortical limbic regions, comprising interacting neural 
networks implicated in reward, emotional, and cognitive regulation [3-5]. Neuroimaging 
has been proposed as a potential approach for developing novel targets for treating OUD. 
This would serve to delineate the neural basis of individual differences associated with OUD 
vulnerability and maintenance, and to identify individual brain-based factors mediating 
treatment response and relapse [6]. 
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Research focused on elucidating brain features implicated in 
substance use disorders has shifted from studies of local brain 
activation to assessing neural network interactions [7]. This ‘network 
approach’ (i.e. brain regions are considered to be functionally 
connected if they have coherence and synchronized dynamics) has 
been facilitated by advanced signal processing techniques, which allow 
for the reliable estimation of functional connectivity – a statistical 
dependence between time series of measured neurophysiological 
signals [8]. Neuroimaging studies in substance use disorders using 
functional magnetic imaging (fMRI) of blood oxygen level-dependent 
(BOLD) signals (fluctuating at 0.05-0.1Hz) have reported alterations 
in resting-state functional connectivity (rsFC) within and between 
large-scale networks supporting higher-order functions (e.g., salience 
detection, inhibitory control) [9]. Although similar alterations in 
connectivity have been shown in OUD, the direction and pattern of 
connectivity features have been inconsistent [4-6,10].

Although possessing high spatial sensitivity, the low temporal 
resolution of fMRI provides connectivity estimates only for 
oscillatory couplings with frequencies < 1Hz. This is in contrast to 
the temporarily-sensitive electroencephalogram (EEG), which can 
capture direct neural oscillations over broad frequency ranges [11]. 
Further, EEG has high sensitivity to different aspects of stimulus 
processing [12,13] and network configurations [14-16], and therefore 
may allow for a more detailed and unique characterization of fast 
dynamic interactions in brain networks implicated in OUD compared 
with fMRI-based connectivity studies. Numerous EEG studies have 
shown rsFC coherence abnormalities associated with problematic 
use of substances, including caffeine [17] nicotine [18], alcohol [19], 
marijuana [20], ecstasy [21], methamphetamine [22], and cocaine 
[23]. In the only study in patients with OUD who were actively using 
opioids (vs. healthy controls), reductions in beta (β:13-30 Hz) and 
alpha (α: 8-12 Hz) frequency connectivity were observed over the 
cortex. Specifically, reduced connectivity was most prominent in α 
regionally (right posterior hemisphere) and between long-distance 
electrode pairs (intra-hemispheric) [24]. 

This limited electrophysiological evidence suggests that chronic 
use of opioids modifies dynamic functional connectivity, but, to-date, 
this work has been focused on heroin use.

Initiation of heroin use is frequently associated with prior 
problematic use of prescription opioids [25]. Increases in non-
medical use of prescription opioids analgesics has occurred in 
tandem with changes in clinical and demographic features of 
treatment-seeking patients with OUD [26,27], suggesting different 
prognoses and treatment implications. As such, there is now an 
urgent need to understand the neural correlates of prescription 
opioid use (vs. heroin). This objective is further supported by findings 
of different cognitive profiles (impulsivity, executive function, cue-
elicited craving) associated with chronic heroin vs. prescription 
opioid use [28] as well as differences in response to buprenorphine 
pharmacotherapy. Although not specific to OUD, there are elevated 
associations between prescription opioid use abuse and depression/
anxiety, which need further study to assess their temporal and causal 
relationships [29].

The primary objective of this EEG pilot study is to examine β 
and α rsFC in patients with prescription OUD, given the paucity of 
information on the neural profiles of such individuals. rsFC was 
assessed using two functional connectivity analyses which are less 
sensitive (vs. conventional head-surface EEG connectivity techniques) 
to non-physiological artifacts (e.g. distortions from volume conduction, 
low spatial resolution, and reference electrode placement [30,31]. 
Namely, Laplacian analysis was used to estimate connectivity at the 
sensor-level, and exact low resolution electromagnetic tomographic 
analysis (eLORETA) was used to assess lagged connectivity of 
intracortical model sources [8,32]. With the latter approach, our 
present study explored source-level connectivity within and between 
two regions of interest (ROI) – the anterior insula (AI) and anterior 
cingulate cortex (ACC); activity in these regions has been associated 
with self-reported drug craving [33] and the urge for drug-seeking 

[34]. Structural connectivity has been demonstrated between the 
AI and ACC [35], and activity in the AI is often associated with ACC 
activity both during rest and task conditions; thus, these ROIs are 
considered the two main cortical nodes of the salience network (SN). 
The SN functions to detect salient events (e.g., drug-related stimuli in 
people with substance use disorders) events. Through activity in the 
AI, a state of heightened physiological awareness of the salient stimuli 
is generated, while strong functional coupling between the AI and 
ACC, triggers a cascade of top-down cognitive control processes to 
guide behaviour (e.g., drug seeking in people who abuse substances) 
and appropriate responses to salient stimuli. Simultaneously, the SIN 
may play a role in disengaging activity of networks not immediately 
relevant to behavioural goals (e.g., drug taking in people who abuse 
substances) [36]. 

 Although our long-term objective is to map electrophysiological 
connectivity of prescription OUD across the different stages of the 
disorder, including withdrawal and medication-assisted abstinence, 
this pilot study was limited to individuals with current prescription 
OUD, all of whom were treatment-seeking patients in a substance use 
and concurrent disorders program. Sensor- and source-level rsFC 
in β and α frequencies were expected to be disrupted in individuals 
with prescription OUD (vs. healthy controls). As a secondary and 
exploratory objective, we examined the relationship between EEG 
connectivity and self-ratings of drug craving. Given the frequent 
co-occurrence of depressive symptoms and prescription opioid 
misuse [37] relationships between EEG connectivity and self-rated 
depression scores were also explored. 

Methods

Participants

A sample of 18 patients with prescription OUD (11 males, 7 
females, mean age = 27.50 ± 1.39) who were seeking treatment at the 
Regional Opioid Intervention Service (ROIS), a clinic in the Substance 
Use and Concurrent Disorders (SUCD) Program at The Royal Ottawa 
Mental Health Centre (located in Ontario, Canada) were recruited. 
Patients were required to meet the following inclusion criteria: ≥ 16 
years of age, meet DSM-5 criteria for Substance (Opioid) Use Disorder 
– Moderate or Severe [38], provide a prescription opioid positive 
urine drug screen at time of consent, and be willing to consent to 
treatment with an opioid agonist therapy (buprenorphine/naloxone). 
Exclusion criteria included: positive urine screen for heroin, active 
psychosis, current suicidal ideation, positive neurological history 
(loss of consciousness, epilepsy, surgery), electroconvulsive therapy 
in the past year, and significant medical illnesses. Current or previous 
psychiatric disorders were not exclusionary. In addition to using 
the urine screen to help identify what other substances were being 
co-used with prescription opioids, patients were interviewed with 
the Alcohol, Smoking, and Substance Involvement Scale (ASSIST) 
[39,40], with frequency of use of a range of substances over the past 
30 days (cannabis, cocaine, amphetamine type, stimulants, inhalents, 
sedatives, hallucinogens, and alcohol) rated on a 4-point scale (0: 
never; 1: once or twice; 2: weekly; 3: daily or almost daily). Score 
means and standard errors (SE) were: cannabis; 1.38(.36); cocaine 
.59(.22); amphetamine-like stimulants: .38(.20); inhalents: 00(00); 
sedatives: 1.19(.32); hallucinogens: 00(00); alcohol: 1.06(.21). As 
alcohol use is positively associated with above prescription opioids 
[41] patients also completed the Alcohol Use Disorders Identification 
Test (AUDIT), a 10-item self-report inventory asessing freqency/
amount of alcohol consumption and personal/social problems 
associated with over use [42,43]. The mean (standard error) total 
score was 4.50(1.01), suggesting that they were generally at low 
risk for developing alcohol problems. None of the patients scored 
above 15 (indicating high risk for alcohol abuse) or 20 (addiction 
likely). Eighteen healthy volunteers (13 males, 5 females, mean age 
30.28 ± 2.45) were recruited from the local community and matched 
as closely as possible for age, sex, and smoking status (patients:14 
smokers/4 non-smokers; controls: 13 smokers/5 non-smokers). 
Regarding educational status, in the patients 11.11% had less than 
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high school, 50% completed high school, and 27.8% had finished 
college/university. In the healthy volunteers, 5.5% had less than high 
school, 44.4% completed high school, and 50% finished college/
university. Healthy volunteers underwent a urine drug screen, a 
medical history screen, and a psychiatric screen using the Structured 
Clinical Interview for DSM-IV: Non-Patient Version (SCID-NP) [44]. 
Volunteers were required to have negative urine drug screens, no 
significant medical illness and no psychiatric disorder. Both patients 
and healthy volunteers completed the self-administered Patient 
Health Questionnaire (PHQ-9) to screen for depressive symptoms 
[45]. All participants signed an informed study consent, which was 
approved by the Research Ethics Board of the Royal’s Institute of 
Mental Health Research.

Procedures

Patients seeking treatment for opioid use presented to the ROIS 
clinic for a health assessment visit where their current substance use 
was evaluated by a physician. They were subsequently referred to the 
EEG research team if they were found to have active use of primarily 
prescription opioids (based on a clinical interview and urine drug 
screen). Urine screen results from the patients at the study screen 
are presented in Table 1. Consent for study inclusion occurred during 
this initial health assessment, and the EEG session was subsequently 
scheduled before initiation of opioid agonist therapy. EEG sessions 
were conducted anytime between 8 am -1 pm, depending on the 
participants’ availability, and lasted approximately 2 hours. On the 
day of EEG assessment, patients presented first to the ROIS clinical 
team and once they had completed their daily assessment, where it 
was confirmed that they were not in an acute state of withdrawal, 
they were escorted to the laboratory. Upon arrival, patients were 
asked to document any substance use in the past 48 hr, including 
prescription opioids, illicit drugs, cannabis, caffeine, alcohol, and 
nicotine, followed by the administration of questionnaires to assess 
current and past substance use. Vital signs were then collected, 
followed by electrode hook-up, and then EEG recording, which was 
conducted during a 3-minute eyes-closed resting period. At the end 
of the session, patient cravings for their prescription opioid were 
assessed with the self-rated Drug Desire Questionnaire (DDQ) [46]. 
Finally, a clinical debriefing session was conducted (administered by 
an addiction counselor, social worker, or registered nurse) to ensure 
patient safety. 

Control volunteers presented to the laboratory the day on the of 
testing, after which they read and signed a consent form, completed 
the urine drug screen and subsequently followed the same testing 
procedure as patients, with the exception of a clinical debrief. 
Urine drug screens for all healthy volunteers were negative for 
amphetamines, barbiturates, benzodiazepines, cocaine, methadone, 
opiates, and oxycodone.

EEG

EEG Recording: In line with recommended pharmaco-EEG 
standards [47,48], EEG activity was recorded while participants were 
seated reclined with their eyes closed. Using electronically linked 
mastoids as a reference, Brain Vision Recorder® software (Version 
2, Brain Products, Munich, Germany) digitized (1000 Hz) electric 
signals were obtained from 28 scalp sites as well as vertical (VEOG) 
and horizontal (HEOG) electro-oculographic signals from supra-
orbital canthi. Amplifier band-pass filters were set at 0.1 – 100 Hz, 
and electrode impedances were < 5 ĸΩ.

EEG Processing: EEGs were processed off-line using Brain Vision 
® Analyzer Version 2 software (Brain Products, Munich, Germany). 
Recordings were initially inspected visually for elimination of 
activity with prominent ocular/muscle/cardiac contamination and 
drowsiness (i.e., alpha suppression combined with increased slow 
waves). Signals were dowsampled to 500 Hz, bandpass filtered at 
0.1-50Hz (24dB/octave roll-off) and segmented into 2 sec epochs 
(Hanning window of 10% epoch length). Segments were automatically 
excluded from further analysis if they contained voltages > +/-75 μV. 

The resulting activity was then ocular-corrected [49] and subjected 
to independent component analysis (ICA) to remove residual ocular 
(e.g., micro saccades) artifacts.

Sensor-level connectivity: The processed EEGs (minimum 
of 120 sec) were transformed into reference-free current source 
density (CSD) estimates using a spherical Laplacian algorithm. CSD 
estimates were computed using the 4th order spherical interpolation, 
and a maximal degree of legender polynomials of 10. Brain Vision 
Analyzer 2 ® software (version 2.2) used reference-free CSD values 
to compute connectivity in β1 (12.0-18.5 Hz), β2 (18.5-21 Hz), and β3 
(21-30 Hz) frequency bands and into α1 (8-10.5 Hz) and α2 (10.5-12 
Hz) bands. For control purposes, connectivity estimates were also 
calculated for delta (δ: 0.5-4 Hz) and theta (θ: 4-8 Hz) frequencies. As 
previous work showed EEG connectivity in OUD to vary across short- 
and long-distance connections [50], connectivity was computed for 
relatively short distance intra-regional electrode pairs within left 
(LH) and right (RH) hemispheres of frontal (LH: Fp1-F3, Fp1-F7, F3-F7; 
RH: Fp2-F4, Fp2-F8, F4-F8), temporal (LH: T7-FC5, T7-CP5, CP5-FC5; RH: 
T8-FC6, T8-CP6, CP6-FC6), and posterior (LH: P7-P3, P7-O1, P3-O1; RH: 
P8-P4, P8-O2) scalp regions (Figure 1). Longer distance inter-regional 
connectivity was computed with frontal-temporal (LH: FP1-FC5, 
FP1-T7, FP1-CP5, F7-FC5, F7-T7, F7-CP5, F3-FC5, F3-T7, F3-CP5; RH: Fp2-
FC6, Fp2-T8, FP2-CP6, F8-FC6, F8-CP6, F4-FC6, F4-T8, F4-CP6), temporal-
posterior (LH: FC5-P3, FC5-P7, FC5-O1, T7-P3, T7-P7, T7-O1, CP5-P3, CP5-P7, 
CP5-O1; RH: FC6-P4, FC6-P8, FC6-O2, T8-P4, T4-P8, T8-O2, Cp6-P4, CP6-P8, 
Cp6-O2) and frontal-posterior (Fp1-P3, Fp1-P7, Fp1-O1, F7-P3, F7-P7, F7-
O1, F3-P3, F3-P7, F3-O1; RH: Fp2-P4, Fp2-P8, Fp2-O2, F8-P4, F8-P8, F8-O2, F4-
P4, F4-P8, F4-O2) electrode pairs. For the pilot study, connectivity was 
computed only within hemispheres. Inter-hemispheric connectivity 
estimates were limited to 12 homologous electrode pairs across LH 
and RH at frontal, temporal, and posterior regions (Fp1-Fp2, F3-F4, F7-
F8, C3-C4, P3-P4, O1-O2, T4-T8, P4-P8, FC1-FC2, CP1-CP2, FC5-FC6, CP5-CP6).

Source-level connectivity: EEG source functional connectivity 
analysis was performed in two steps using eLORETA software 
(available at http://www/uzh.ch/keynist/loreta.htm) to:

(1)	 Identify intracerebral current density for designated ROIs;

(2)	Compute lagged connectivity for functional connections between 
ROI sources 

ROIs: The current implemented version (2081104) of eLORETA, a 

Figure 1: Intra-regional (short distance) electrode pair α1 
connectivities (solid lines) at frontal sites and α2 connectivities 
at temporal and posterior sites (dashed lines) which showed 
significant reduction in prescription OUD patients compared to 
controls.

http://www/uzh.ch/keynist/loreta.htm
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neurophysiological imaging technique based on a weighted minimum 
norm inverse solution procedure uses a realistic spherical head model 
based on the Montreal Neurological Institute Template (MNI152) for 
modelling EEG current density in a 3D solution space restricted to the 
cortical gray matter and hippocampus [51]. In contrast to the former 
LORETA version, eLORETA has zero localization error (under ideal 
noise-free conditions); localization with this methodology, even with 
relatively few electrodes (as in this study) has been cross-validated 
with studies combining EEG with fMRI [52,53] or positron emission 
tomography [54] and with simultaneous EEG-fMRI [55] and intra-
cranial recordings [56]. Analysis of each 2 sec cleaned EEG epoch 
(each individual had a minimum 120 sec, which surpassed the 40 
sec requirements suggested for connectivity analysis [51], resulted 
in current density being computed for each of the frequency bands 
at each of 6239 voxels (5 mm spatial resolution). Voxel-based ROIs in 
this study reflected definitions of the Broadman Areas [BA] provided 
by eLORETA software and are based on the Talairach Daemon [http://
www.talairach.org]. A single voxel (at the centroid of each BA) was 
used for each ROI due to eLORETA’s relatively restricted spatial 
resolution, which makes it unable to separate two closely spaced 
sources. The single centroid voxel (the closest to the center of the BA 
mass), as used in previous work [58], is an excellent representative 
of the corresponding BA. BAs comprising the representative left (l) 
and right (r) hemisphere nodes of the SN network included BA 24/32 
(anterior cingulate cortex [ACC]) and BA 47 (anterior insula [AI]). 

Connectivity: Using the eLORETA computed intracortical current 
density time series of these ROIs, lagged connectivity were computed 
for all pairs of ROIs by employing the eLORETA toolbox software 
options “linear lagged connectivity: LLC” and “non-linear lagged 
connectivity: LNLC”. While eLORETA is able to compute both lagged 
and instantaneous (zero-lagged) connectivity components, only the 
former non-instantaneous component was considered for analysis, 
as zero-lagged connectivity between two sources can be affected 
by limitations such as volume conduction, third source influence , 
activity within the reference electrode, or the relatively low spatial 
resolution [51]. For each ROI pair, EEG amplitude-dependent LLC 
and EEG phase dependent LNLC were calculated for each of the EEG 
frequency bands. 

Clinical ratings

DDQ: The DDQ consists of 13 items which are intended to assess 
three components of intent craving: “desire and intention,” which 
contains seven items (e.g., My desire to use prescription opioids now 
seems overwhelming); “negative reinforcement,” which consists of 
four items (e.g., Using prescription opioids now would make me feel 
less tense); and “control,” which is composed of two items (e.g., If 
I started to use prescription opioids now I would be able to stop). 
Patients had to indicate how much they agree with a statement using 
a 7-point Likert (1 = “not at all” to 7 = “completely”). Scores are 
summed for total and subscale scores.

PHQ-9: The PHQ-9 assesses depressive severity by deriving total 
self-reported rating scores (“0” [not at all] to “3” [nearly every day]) 
of each of the DSM-IV criteria for major depressive disorder [45].

Statistical analyses 

Statistical analysis was performed using SPSS 22.9 (IBM 
Corporation, Aramark, NY). The primary analysis was focused on 
connectivity in the β and α bands. For the sensor-level measures, 
separate mixed analysis of variances (ANOVA) were carried out for 
relatively short distanced and long distanced connectivity. ANOVAs 
for short distanced, intra-regional connectivity involved a between-
group factor (2 groups) and three within-group factors including 
region (3: frontal, temporal, posterior), hemisphere (left, right) 
and electrode pair (3 pairs). For each of the analyses of long, inter-
regional (frontal-temporal, temporal-posterior, frontal-posterior) 
connectivity, separate ANOVAs consisted of the same group and 
hemisphere factors and an electrode pair (9 pairs) factor.

For source-level LLC and LNLC estimates within the β and α 
frequency bands, separate mixed ANOVAs included a between-
group factor and two within-group factors: node (2 intra-nodal and 
4 inter-nodal pairs) and hemisphere. For control purposes only, 
similar analyses were conducted for scalp and source level delta and 
theta connectivity to help determine specificity of any frequency-
dependent findings. Significant Greenhouse-Geisser effects (p < 0.05) 
were followed up with planned comparisons. 

Patient ID Last Reported Use on Day of EEG (Hrs) Days Between (+) Urine Screen and EEG (Days) Drug Type(s)

1 >24 ND Fentanyl
2 17 14 Oxycodone
3 6 3 Morphine, Hydromorphone
4 >24 ND Fentanyl
5 2 24 Hydromorphone, Oxycodone
6 >24 4 Oxycodone
7 >24 28 Hydromorphone
8 >24 22 Oxycodone
9 2 3 Codeine, Oxycodone

10 24 4 Fentanyl
11 2 ND Fentanyl
12 2 24 Fentanyl
13 1 0 Codeine, Morphine
14 >24 ND Oxycodone
15 22 7 Fentanyl
16 1 7 Oxycodone
17 >24 ND Fentanyl
18 1 4 Hydromorphone, Oxycodone

Table 1: Patient self-reported substance use demographics
Notes: Patients were allowed to refuse a urine screen from the clinical team for legal reasons not originally disclosed to research team at 
time of consent (i.e., healthcare professional, current legal proceedings). The average time between urine screen and EEG test session was ± 
9.94 days with a range of 0-28 days. *ND = No Data available.
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In order to determine if time since last prescription drug use 
affected connectivity measures, we used the patient’s time of last 
reported use of opioids (Table 1, column #1) and segregated patients 
into two equal sized (n = 9) groups: those reporting a relatively 
short time interval between last use and EEG testing (≤ 6 hours) 
and those reporting a longer time interval (≥ 17 hours). T-tests were 
used to compare subgroups on any EEG connectivity measure that 
significantly differentiated patients and controls. 

In order to examine the possible influence of other used drugs 
on our outcomes, two contral statistics were carried out whenever 
the ANOVAs indicated significant connectivity abnormalities in 
patients (vs. healthy volunteers). Frist, analyses were re-run with 
patients showing positive non-opioid drug screens being removed. 
This involved separate analyses being carried out for each separate 
drug class detected, i.e., one analysis was run with 4 patients showing 
positive THC screen being removed; another analysis was run with 
4 patients showing positive sedative screens being removed, and 
a final analysis was conducted with 3 patients showing positive 
amphetamine-like users being removed. For the second strategy, 
patient’s connectivity measures were assessed for relationships 
(Spearman correlations) with ASISST scores for each drug class and 
with mean AUDIT scores.

Relationships between EEG connectivity and craving/
depression ratings within the patient group were assessed with 
Spearman’s correlations. In order to reduce the probability of Type 
I error, correlational analyses were restricted to α and β frequency 
connectivity. Further, correlations were only assessed within the 
patient group and only correlations obtaining significance of p < 0.01 
were reported.

Results
Sensor-level connectivity: short distanced pairs

Analysis of intra-regional electrode pairs showed a significant 
group effect (F=7.89, df=1,34, p < 0.008) for α1 frequency, with 
patients showing reduced connectivity compared to controls. 
Planned comparisons found reduced connectivity in patients (vs. 
controls) to be limited to frontal regions (p < 0.04). A similar group 
effect was observed with α2 frequency (F=6.47, df=1,34, p > 0.016), 
but with reduced connectivity in patients being observed not at 
frontal recording sites but at temporal (p < 0.03) and posterior (p < 
0.03) areas (Figure 1).

Sensor-level connectivity: long distanced pairs

Analysis of inter-regional connectivity found no group or 
interactions effects with frontal-temporal electrode pairs but 

significant group differences were observed for α2 temporal-posterior 
(F=5.74, df=1,34, p < 0.022) and frontal-posterior connectivity 
(F=5.74, df=1,34, p < 0.022), with patients showing reduced couplings 
compared to controls (Figure 2,3).

Sensor-level connectivity: inter-hemisphere

For inter-hemispheric α2 connectivity, follow-up comparisons of 
a significant group x electrode pair interaction (F=2.78, df=4,156, p < 
0.05) found reductions in patients vs. controls for posterior O1-O2 (p < 
0.03) and Cp1-Cp2 (p < 0.02) electrode pairs. 

No significant group differences were observed with β, δ, or θ 
frequency coherences.

Source-level: linear connectivity

Analysis conducted on LLC yielded a significant group x 
node interaction for the β1 frequency band (F=3.45, df=5,170, p 
< 0.04). Planned comparisons showed significantly greater intra-
ACC connectivity (lACC-rACC) and reduced (p < 0.04) inter-nodal 
connectivity (rAI-rACC) in patients relative to controls (Figure 
4). No group differences were observed with connectivity in other 
frequency bands.

Source-level: nonlinear connectivity

Analysis of LNLC also showed a significant group x node 
interaction for the β1 frequency band (F=4.54, df=5,170, p < 0.01). 
Planned comparisons found significantly increased (p < 0.03) intra-
ACC connectivity (lACC-rACC) in patients compared to controls 
(Figure 4). No group differences were observed with respect to LNLC 
in other frequency bands.

Time since last use-connectivity relationships 

For any of the EEG connectivity differentiating patients and 
controls we observed no significant differences between patients 
with short vs. longer time intervals between use and EEG testing. 

Co-occuring drug use connectivity relationships

The separate control analyses with patients showing positive 
illicint drug screen being removed found the same outcomes as 
the original analyses. For patients, no significant correlations were 
observed between ASSIST/AUDIT scores and connectivity measures.

Craving/depression-connectivity relationships 

Sensor-level

DDQ: No significant correlations were observed for intra-regional 

B)A)

  

Figure 2: Inter-regional (long distance) α2 connectivities between frontal-posterior (A) and temporal-posterior (B) scalp areas which 
showed significant reductions in prescription OUD patients compared to controls.



J Alcohol Drug Addict Volume: 1.1

Journal Home: https://boffinaccess.com/journal-of-alcohol-and-drug-addiction

6/11

or frontal-posterior pairs. Frontal-temporal α1 connectivity between 
FP1-FC5 (r = .62, p < 0.006) and F7-T7 (r = -.59, p < 0.009), as well as 
temporal-posterior α connectivity between T7-P3 (r=.64, p < 0.005) 
were positively associated with self-ratings on the DDQ-Desire factor. 
Inter-hemispheric β1 (r=.60, p < 0.009) and β2 connectivity (r = .68, p < 
0.002) between FC1-FC2 were also associated with DDQ-Desire ratings, 
and β1 connectivity between F3-F4 was correlated (r = .68, p < .002) with 
DDQ-Negative Reinforcement self-ratings (see Figure 4 for examples). 

PHQ-9: A t-test comparison found significantly greater (t = 4.58, 
df = 34, p < 0.0001) PHQ-9 scores for patients (M = 13.22, SE ± 2.06) 
compared to healthy volunteers (M = 3.11, SE ± 0.76). Within the 
patients, significant correlations existed between PHQ-9 scores and 
average α1 connectivity in the frontal region (r = .98, p < 0.0001) and 
α2 connectivity in temporal (r = .98, p < 0.0001) and posterior regions 
(r = .73, p < 0.0001). 

Source-level

DDQ: No significant correlations were observed with either α or 
β1 frequencies, but linear lagged β2 connectivity between lAI-lACC was 
negatively associated (r = -.67, p < 0.002) with DDQ-Desire scores. 
Similar trends existed with DDQ-Desire and linear lagged (r = -.55, 
p < 0.014) and nonlinear lagged β1 connectivity (r = .57, p < 0.015) 
measures (Figure 4). 

PHQ-9: No significant relationships were observed between 
depression symptoms and source connectivity in patients. 

Discussion

To the best of our knowledge, this is the first investigation to 

examine resting-state EEG signals to assess functional connectivity 
at the level of sensor and source space in patients with prescription 
OUD. Findings of this pilot study support our prediction of disrupted 
rsFC as evidenced by frequency-dependent connectivity alterations 
in short- and long-distanced scalp electrode pairs, and within and 
between intracortical nodes of the SN. As these neural alterations did 
not vary with time since last drug use, it can be tentatively assumed 
they do not reflect the acute effects of opioids. Further, our control 
analyses provided tentative evidence that this aberrant connectivity 
were not influenced by co-occurring illicit drug or alcohol use. 

α band connectivity (though predominantly with α2) assessed 
at the sensor-level was reduced within frontal, and between frontal-
posterior, temporal-posterior and inter-hemispheric regions. In the 
only previous study investigating sensor-level EEG connectivity in 
patients with active OUD (heroin) [58], α and β hyper-connectivity 
was found locally (short distanced electrode pairs) while hypo-
connectivity was shown remotely (long distanced pairs). Whether or 
not these aberrant connectivity are specific to chronic prescription 
opioid use or with heroin is not clear. It is also unclear whether 
these neural abnormalities pre-date opioid use or reflect irreversible 
changes resulting from chronic use of prescription opioids. 
In abstinent (2 weeks) heroin-dependent patients, enhanced 
connectivity (intra-hemispheric) was observed in the γ band ,but 
not with α or β oscillations [59]. Also observed in heroin abstinent 
patients were weaker low-frequency (6-13 Hz) effective (directional) 
connectivity originating in the parietal region, and stronger high-
frequency (13-45 Hz) connectivity into the occipital region [60].

Our findings of abnormal regional interactions limited to α 

 

A) B)

C)

Figure 3: Intra-cortical lagged linear (A and B) and nonlinear β1 (C) SN connectivities showing significant alterations (blue = reductions, 
red = increases) in prescription OUD patients compared to controls. lAI = left anterior insula, rAI = right anterior insula, lACC = left anterior 
cingulate, rACC = right anterior cingulate.
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oscillations is not specific to heroin use, as such findings have 
been reported with use of caffeine [17], alcohol [61] and cannabis 
[62]. Given that these substances are frequently used with opioids, 
they may contribute to our observation of altered α connectivity 
in prescription OUD. Although the significance of diminished α 
connectivity is unclear, lower and upper α frequencies have been 
associated with working memory and attentional processes, 
respectively [63,64). α oscillations have also been attributed to 
stimulus suppression/inhibition and selection function [65,66]. 
Accordingly, it may be tentatively speculated that during the 
resting state, α hypo-connectivity in patients reflects reduced 
functional coupling between cortical regions regulating top-down 
inhibitory control of attentional/mnemonic processing of drug-
related, physiologically salient events (internal bodily sensations), 
subjectively experienced as intoxication or withdrawal symptoms. 

Although our sensor-level EEG findings are of limited use for 
drawing inferences regarding the underlying sources of electrical 
activity affected by chronic use of prescription opioids, it is of relevance 
to know that the ACC is one of the main drivers of spontaneous EEG 
[67]. Further, inter-areal connectivity (e.g., as quantified by fMRI) 
is thought to be primarily driven by α and β oscillatory activity 
within key networks including the SN [15,68,69]. SN alterations in 
individuals with active prescription opioid use was characterized by 
β1 hyper-coupling within the ACC, as evidenced by increased LLC and 
LNLC between lACC-rACC. Prescription OUD also was associated with 
reduced inter-nodal β1 coupling as shown by reduced LLC between 
rAI-rACC. Use of eLORETA LLC and LNLC solutions in the present 
study suggests that prescription OUD is associated with enhanced 
interactions within the ACC, and diminished interactions between AI-
ACC. Hyper-connectivity within the ACC may reflect the acute/short-
term enhancing effects of opioids on dopamine neurotransmission. 
Opioid signaling in the reward circuitry stimulates activation of 
dopamine cells and dopamine release in temporal regions (e.g., 
nucleus accumbens), which mediates several aspects of reinforced 
behavior such as incentive salience [70], and is associated with 
increased SN connectivity [71]. While connectivity within the ACC 

may reflect the more immediate effects of opioids, hypo-connectivity 
between rAI-rACC may be related to the down-regulation of 
opioidergic/dopaminergic systems occurring with chronic drug use. 

Altered SN communication may involve disruption in various 
processes associated with β frequencies, including sensory/
attentional/perceptual [72-75] emotional [76,77], reward [13] and 
salience processing [78]. These disruptions may be particularly 
relevant for higher-order cognitive operations involving the ACC 
(e.g., evaluative/emotive processing of salient events; response 
selection/conflict monitoring). These processes are known to 
involved β-influenced top-down control mechanisms [79], and 
may specifically involve complex neural processes as reflected in 
nonlinear inter-regional interactions index by LNLC [80].

Several influential models of substance use disorders have 
suggested that impaired salience attribution (drug > other non-drug 
reinforcers) is associated with abnormal engagement of the SN’s AI 
for heightened interoceptive awareness of both stimulus (drug)-
induced and stimulus-independent changes in homeostatic states 
[81]. The AI, and the rAI node, in particular, is uniquely positioned 
for bottom-up signaling of the ACC to signal internal/external salient 
events. Further, it can act as a causal hub for communicating with 
other network,s including the dorsal fronto-parietal CEN, which is 
important for maintaining and manipulating information in working 
memory [82]. In our participants with chronic problematic opioid 
use, reduced β1 signaling between rAI-rACC may reflect alterations 
with normal network switching processes, resulting in impaired 
attention to natural rewards (e.g., food, sex), diminishing their 
significance and saliency relative to drugs [83]. 

Our exploratory analyses yielded significant relationships 
between chronic problematic opioid use and connectivity, with 
urges to use drugs being positively and negatively associated with 
sensor- and source-level connectivity, respectively. Decreased 
communication between AI and ACC nodes, two SN structures 
involved in emotional processing of interoceptive (drug-related) 
states, was found to be associated with increasing subjective drug 

 
Figure 4: Scatterplot examples of the correlation between sensor-level (A, B, C) and source-level (D) connectivities and patient self-ratings 
of drug craving measure with the Drug Desire Questionnaire (DDQ) and related factors (Desire, Negative Reinforcement).



J Alcohol Drug Addict Volume: 1.1

Journal Home: https://boffinaccess.com/journal-of-alcohol-and-drug-addiction

8/11

urges. The opposite relationship was shown with sensor-level 
connectivity, whereby increasing interactions within and between 
frontal, temporal, and posterior cortical regions was associated with 
greater self-reported drug cravings; this may reflect alterations in 
one or more non-SN networks. Recent concepts of substance abuse 
have proposed the involvement of separate but interacting neural 
networks [84] as those identified in opioid craving [85], which 
underly different pathological processes (e.g., reward/emotional/
cognitive dysregulation) implicated in all substance use disorders [9]. 
Although possibly involving SN contributions, relationships between 
sensor-level connectivity and drug cravings may reflect default mode 
network (DMN) activity, which is typically negatively correlated 
with activity in cognitive control regions (including ACC, AI) during 
tasks and “at rest”[86]. Interestingly, DMN prominence appears to 
be temporarily decreased during the acute intoxication phase, but 
prominently involved during withdrawal and preoccupation phases 
[87]. Abnormal connectivity in the DMN is associated with basal 
craving in individuals who are heroin-dependent [88]. Additional 
studies are required to assess these relationships during acute 
withdrawal and abstinence states, as well as during cue-induced 
drug (opioid) craving, which has been shown to be reduced following 
neurostimulation of frontal-parietal-temporal scalp areas [89].

Our finding of greater depressive symptoms in our prescription 
opioid users parallels previous observations that long-term opioid 
use increases the risk of depression, and that depression increases 
the risk of non-medical use of prescription opioids [37]. Only sensor-
level α connectivity in short-distanced electrode pairs in frontal, 
temporal, and posterior areas were positively correlated with 
depression ratings in patients. As these same connectivity features 
were not associated with self-reported craving, and as persistent 
α hyper-connectivity in depression has been reported in previous 
work [90] it is possible that our observed associations reflect trait-
dependent associations which predate and promote opioid abuse. 

Limitations

There are several limitations to this study that may affect the 
generalizability of our findings. First, the relatively small sample 
used in this preliminary analysis was possibly underpowered 
to detect small differences, and it did not allow stratification to 
examine effects of moderator variables (presence/absence of Axis I 
disorders including depression and anxiety, degree and duration of 
opioid exposure). Also, groups were not matched on sex. There are 
sex differences in resting EEG α and β connectivity. Sex differences 
also exist in misuse of prescription opioids [91,92] and in neural 
mechanisms modulating reward and substance abuse [93]. Second, 
this was a cross-sectional design, which does not allow us to 
determine whether the observed connectivity disruptions are state 
dependent, irreversible consequences of long-term prescription 
opioid exposure, or are pre-existing trait markers mediating 
vulnerability to opioid/substance use disorders. Other sensor-level 
EEG measures (e.g., amplitude, power, asymmetry) have shown 
neural changes across different stages of OUD [24,50,58,94]. What is 
needed are longitudinal investigations that can track EEG connectivity 
in patients across different stages of the disorder (acute withdrawal, 
long-term abstinence) and in response to pharmacotherapies. It 
would also be of interest to investigate EEG connectivity in response 
to newer therapies including behavioural [95] and neurostimulatory 
interventions [96]. Both have been shown to effect α and β sensor- 
and source (SN)-level connectivity, potentially altering treatment 
outcomes in OUD patients. Third, we only evaluated one measure 
of craving; future work is required to examine different self-report 
and behavioural measures (e.g., cue-reactivity paradigms) in order 
to validate relationships between craving and electrophysiological 
connectivity. Fourth, although our Laplacian and lagged connectivity 
metrics are less sensitive to volume conduction effects, our limited 
number of recording sites (28), together with the inherent low 
spatial resolution of eLORETA, did not allow us to effectively examine 
sources of electrical activity at deep sources, including subcortical SN 
loci or sub regions of ACC and AI nodes. Finally, as this pilot work only 

assessed connectivity strength in limited frequency bands, future 
work should aim to develop a more comprehensive profile of putative 
dynamic dysconnectivity features associated with prescription 
OUD (e.g. integrating gamma; [97-99] as well as to cross-frequency 
coupling measures. 

Conclusion
Our preliminary EEG findings in individuals with prescription 

OUD indicate abnormal functional connectivity, which may 
potentially serve as neural underpinnings of craving and potential 
treatment targets. 
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epidemic is a public health concern requiring a fuller understanding 
of the neurobiological mechanisms leading to dependency and 
recovery. This study observed EEG-based evidence of aberrant 
cortical connectivity in nonmedical prescription opioid users, which 
was associated with both drug cravings and depressed mood. These 
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