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ABSTRACT

Despite its widespread use and popularity, cannabis is known to impact higher order cognitive processes such as attention and
executive function. However, far less is known about the impact of chronic cannabis use on cognitive flexibility, a component of
executive function, and this is especially true for the underlying functional connectivity dynamics. To address this, we enrolled
25 chronic cannabis users and 30 demographically matched non-users who completed an interview probing current and past
substance use, a urinalysis to confirm self-reported substance use and a task-switch cognitive paradigm during magnetoenceph-
alography (MEG). Time-frequency windows of interest were identified using a data-driven statistical approach, and spectrally
specific neural oscillatory responses were imaged using a beamformer. The resulting maps were grand-averaged across all par-
ticipants and conditions, and the peak voxels in these maps of neural oscillatory activity were used as seeds to compute connec-
tivity using a whole-brain cortical-coherence approach. Whole-brain neural switch cost connectivity maps were then computed
by subtracting the connectivity map for the no-switch condition from that of the switch condition per participant. These switch
cost functional connectivity maps were then correlated with the behavioural switch cost per group and probed for group differ-
ences in the neuro-behavioural associations. Our behavioural results indicated that all participants had slower reaction times
during switch compared to no-switch trials. Regarding the MEG data, cannabis users exhibited altered associations between
functional connectivity switch costs and behavioural switch costs along pathways connecting visual cortices and regions in the
ventral attention network, within the theta, alpha and gamma frequency ranges. These results indicate modified multispectral
associations between functional connectivity and behavioural switch costs among visual cortices and key brain regions underly-
ing executive function in cannabis users.

1 | Introduction 2022, going from 24.9% to 27.9% for use within the year and
15.8% to 17.3% for use within the month [1, 2]. These upward
Cannabis is one of the most widely used psychoactive sub- trends are likely to continue as cannabis becomes more ac-

stances among adults in the United States. The number of  cessible and publicly accepted. Despite broad use and social
midlife cannabis users significantly increased from 2021 to acceptance, studies have shown detriments to higher-order
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cognitive processes among both acute and long-term cannabis
users [3-6], which can negatively impact various aspects of
daily life [7]. In fact, meta-analyses of cannabis-related neu-
rocognitive effects have generally concluded that cognitive
deficits are detectable and persist long after acute use [8-11],
with impairments in attention, memory, learning, and exec-
utive function showing especially strong residual deficits in
chronic cannabis users.

Cognitive flexibility, which is often probed using set-shifting
or task-switch paradigms, is essential to executive func-
tion. Broadly, cognitive flexibility enables one to selectively
switch mental processes due to environmental or situational
changes to produce task-appropriate behavioural responses
[12]. Because a multitude of cognitive operations such as sus-
tained attention and inhibition contribute to cognitive flexi-
bility, a wide range of brain regions and networks have been
associated with cognitive flexibility due to the different cog-
nitive operations and task subcomponents involved [12]. The
fronto-parietal network, which has been implicated in func-
tional MRI (fMRI) and magnetoencephalography (MEG) task
switching studies, is generally thought of as a flexible hub for
the effective control of cognition [13]. It integrates with other
systems to support processes such as cognitive flexibility, in-
cluding the dorsal and ventral attention networks (DAN and
VAN, respectively) and salience network [13-15]. In MEG
studies, significant changes in the alpha, beta, gamma, and
theta frequency ranges have been reported within nodes of
these attention-related networks during switch relative to no-
switch trials [14, 16].

Our previous work focusing on cannabis and cognitive flex-
ibility revealed weaker theta oscillations during switch rela-
tive to no-switch trials in regions of the prefrontal cortex in
chronic users compared to non-users, with weaker activity
scaling with greater cannabis use involvement among users
[16]. However, these analyses were limited to group differ-
ences in the strength of specific regional alterations, as op-
posed to the connectivity among brain regions exhibiting
robust oscillatory activity across all participants. Still, this
was in line with previous MEG studies of chronic cannabis
use, which have found altered theta activity during attention-
related tasks in the absence of task performance differences
[17, 18]. Similarly, in animal models of cannabis use, altered
theta and gamma oscillations have been widely reported and
are thought to reflect the modulation of cannabinoid (CB)-1
receptors [19-21]. CB, receptors are distributed throughout
the cortex and heavily concentrated in frontal, limbic, and
cerebellar regions [22, 23]. A9-tetrahydrocannabinol, the
main psychoactive component in cannabis, is an agonist of
endocannabinoid CB, receptors [24], which due to their wide-
spread availability have been linked to changes in theta and
gamma oscillatory activity and executive functioning [25-27].
Unsurprisingly, alterations to these frequency bands are of
major interest in the cannabis MEG literature [28-31].

In the fMRI literature, altered connectivity patterns between
cannabis users and non-users during both resting-state and
cognitively demanding tasks have been reported [32-34],
with Harding et al. [35] interpreting greater connectivity be-
tween frontal and occipitoparietal cortices as an indicator of

compensatory processing among long-term users during at-
tentional processing. While highly informative, these previ-
ous fMRI studies are not able to provide insight on the precise
temporal or spectral aspects of cannabis-related connectiv-
ity differences. As such, in the current study, we examined
multispectral connectivity changes during switch relative to
no-switch trials (i.e., switch costs) in chronic cannabis users
and non-user controls. We were particularly interested in the
relationship between connectivity and behavioural signatures
of switch costs and how these relationships may be altered in
chronic cannabis users. Thus, participants in each group com-
pleted a validated task-switch paradigm during MEG, and we
computed multispectral functional maps per condition, which
were then used to compute switch cost maps (i.e., switch —
no-switch trials), and these were examined with respect to
behavioural switch costs. Given the previous findings noted
above, we hypothesized that chronic cannabis users would
exhibit altered theta range functional connectivity (FC) com-
pared to non-users during task switching, along with group
differences in the gamma, alpha, and beta ranges related to
the neural switch cost.

2 | Methods
2.1 | Participants

We enrolled 55 participants between the ages of 19 and 60years.
Full demographics are provided in the results section. Cannabis
users were required to have used cannabis at least three times
per week for threeyears or more, and non-users were recruited
from a larger study in which they indicated that they did not use
cannabis or other illicit substances. Participants who reported a
history of experimental use for a short time during youth were
not excluded from the control group. Exclusion criteria for the
study included any diagnosed neurological or psychiatric dis-
order, any medical illness associated with CNS dysfunction,
history of head trauma, current substance use disorder other
than cannabis use disorder in the user group, the presence of
metallic implants that could affect the MEG and MRI data ac-
quisition or be a safety concern, and current pregnancy. The
local Institutional Review Board reviewed and approved this
investigation. Participants provided written informed consent
following detailed description of the study, and the study was
conducted in accordance with the Declaration of Helsinki.
Participants completed the study over the course of 2-3 visits.
During the first visit, participants underwent informed consent,
a medical history intake, and a neuropsychological assessment.
During the second visit, participants completed the MEG re-
cording, substance use interview, and self-report assessments.
Participants had the option of completing the MRI scan during
the second visit or during a separate third visit.

2.2 | Substance Use Assessments

All participants underwent a thorough structured interview re-
garding their current (within the past 12months) and past (prior
to the past 12 months) substance use history using Module E of the
Structured Clinical Interview for the Diagnostic and Statistical
Manual, 5th Edition (SCID-5), the NIDA Quick Screen (Version
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1) and the NIDA-Modified Alcohol, Smoking, and Substance
Involvement Screening Test (NIDA-ASSIST; Version 2).
Participants also completed self-report questionnaires including
the Alcohol Use Disorders Identification Test (AUDIT), and can-
nabis users completed the Cannabis Use Disorders Identification
Test-Revised (CUDIT-R) and the Daily Sessions, Frequency, Age
of Onset, and Quantity of Cannabis Use (DFAQ-CU) Inventory.
Cannabis users and non-users also provided a sample for urinaly-
sis to confirm that participants in the user group had not recently
used substances other than cannabis and that controls had not
recently used cannabis or any recreational substances. At the be-
ginning of each visit, all participants were subjected to a breath-
alyser test and were asked about their past-24-h alcohol, tobacco,
and recreational substance use and whether it was different from
their usual use. Note there were no group differences in past-24-h
use of alcohol (p=0.30) or tobacco (p=0.51). Because we were
primarily interested in the impact of chronic cannabis use on
cognitive flexibility, participants who were under the influence
of alcohol or any other substances or had used cannabis within
8h of their visit were rescheduled.

2.3 | Neuropsychological Assessment

Cognitive function was measured using a neuropsychological
battery that assessed premorbid function and functionality across
seven domains (i.e., learning, memory, executive function, atten-
tion, processing speed, language and motor dexterity). The battery
included the following tests for each domain: learning (Wechsler
Memory Scale [WMS-III] Logical Memory Initial Recall [36],
California Verbal Learning Test [CVLT-II] Learning Trials
1-5 [37]), memory (CVLT-II Delayed Recall and Recognition
Discriminability Index [37], WMS-III Logical Memory II Delayed
Recall [36]), executive function (Comalli Stroop Test Interference
Trial [38] and Trail Making Test Part B [39]), processing speed
(Comalli Stroop Test Colour and Word Trials [38], Wechsler Adult
Intelligence Scale (WAIS-III) Digit Symbol Coding [40] and
Trail Making Part A [39]), attention (WAIS-III Letter Number
Sequencing [40], WAIS-III Digit Span Forward and Backward
Trials [40] and CVLT-II Trial 1 [37]), language (phonemic ver-
bal fluency and semantic verbal fluency [39]) and motor dexter-
ity (Grooved Pegboard, Dominant and Non-Dominant Hands
[39, 41]). Further, premorbid function was assessed using the
Wide Range Achievement Test 4 (WRAT-4) Word Reading [42].
Demographically corrected scores for each assessment were ob-
tained using published normative data [37-42] and were com-
puted to z-scores. Domain composite scores were computed by
averaging the z-scores of assessments that comprised each re-
spective cognitive domain. Participants also completed the Beck
Depression Inventory-I1I (BDI-IT; [43]) as a measure of depression.

2.4 | MEG Experimental Paradigm

Participants underwent a 17.5-min task switching experi-
ment (Figure 1), which has been validated and described in
previous work [14]. Participants were seated in a magnetically
shielded room and were instructed to fixate on a centrally
presented crosshair with a variable ISI (range: 2600-2800 ms)
followed by the presentation of a single digit ranging from 1
to 9 (excluding five) in either a square or a diamond of equal

dimensions for 2500ms (Figure 1A). The instructions were
counterbalanced across participants to eliminate any potential
confounding effects. For one set of instructions, participants
were told that a number surrounded by a square indicated
they should respond as to whether the number was less than
(index finger) or greater than (middle finger) five. Conversely,
if the number was surrounded by a diamond, they should re-
spond as to whether the number was odd (index finger) or even
(middle finger). In the other set of instructions, the meaning
of the square versus diamond was switched. There were 200
pseudo-randomized trials, equally balanced between squares
and diamonds, with half of the trials repeating the previous
trial's rule (i.e., no-switch) and the other trials switching from
the previous trial's rule (i.e., switch). Each trial lasted 5100-
5300 ms. Reaction time and accuracy measures were collected
and used for behavioural analysis.

2.5 | MEG and MRI Data Acquisition

Functional MEG data were collected using a MEGIN MEG sys-
tem (Helsinki, Finland) equipped with 306 sensors (204 planar
gradiometers, 102 magnetometers) using a 1 kHz sampling rate
and an acquisition bandwidth of 0.1-330 Hz in a one-layer mag-
netically shielded room with active shielding engaged. Prior to
MEG acquisition, four coils were attached to the participant's
head and localized along with fiducial and scalp surface points
using a three-dimensional digitizer (FASTRAK, Polhemus
Navigator Sciences, Colchester, Vermont). Once the participants
were positioned for MEG recording, an electric current with a
unique frequency label (e.g., 322 Hz) was fed to each of the four
coils, thus inducing a measurable magnetic field and thereby al-
lowing each coil to be localized in reference to the MEG sensor
array throughout the recording session. High-resolution struc-
tural images were also collected using a T1-weighted three-
dimensional 1-mm isotropic MPRAGE sequence [TR=2.3s,
TE=2.98ms, flip angle=9°, FOV=256mm] on a Siemens
Prisma 3-T scanner with a 64-channel head coil.

2.6 | MEG and MRI Processing

MEG and MRI data processing closely followed previously re-
ported pipelines [14,44, 45]. The structural MRI data were aligned
parallel to the anterior and posterior commissures and trans-
formed into standardized space. MEG data were subjected to en-
vironmental noise reduction and corrected for head motion using
the signal space separation method with a temporal extension
[46]. Only data from the 204 planar gradiometers were used for
further analysis. Al MEG and MRI data were further processed
in BESA (Research: Version 7.0; MRI: Version 2.0; Statistics:
Version 2.0). Cardiac and ocular artefacts were removed from the
MEG data using signal space projection (SSP; [47]).

2.7 | MEG Time-Frequency Transformation
and MEG Sensor-Level Statistics

The continuous magnetic time series was then filtered between
0.5and 200Hz, and a 60-Hz notch filter was applied. Epochs were
3500ms, with the baseline extending from —500 to Oms prior to
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FIGURE1 | Task-switch experimental paradigm and behavioural results. (A) Example stimuli with the first digit shown after the initial fixation
cross to be within a diamond and the next digit to also be within a diamond, repeating the previous rule (i.e., a no-switch trial). Conversely, the
third digit is within a square, indicating a switch from the previous rule (i.e., switch trial). (B) Behavioural reaction time (left) and accuracy (right)
data. There was a significant conditional effect, with all participants responding slower during the switch relative to no-switch trials (**p <0.005;

***p <0.001). No other effects were significant.

visual stimulus onset. Only trials with correct responses were
considered for further analysis. Epochs containing artefacts were
rejected using a fixed threshold method that was set per partici-
pant and supplemented with visual inspection. Briefly, in MEG,
the raw signal amplitude is strongly affected by the distance be-
tween the brain and the MEG sensor array, as the magnetic field
strength falls off exponentially as the distance from the current
source (i.e., brain) to the sensor array increases. To account
for this source of variance across participants, as well as other
sources of variance (e.g., head size), we used an individualized
threshold based on the signal distribution for both amplitude and
gradient to reject artefacts. Cannabis users and non-users did
not differ in their amplitude (t=0.16, p=0.876; cannabis users:
M=1651.25 fT/cm, SD=615.61; non-users: M=1686.96 {T/cm,
SD=836.01) and gradient cut-offs (t=0.24, p=0.809; cannabis
users: M =544.00 fT/(cm*ms), SD =332.12; non-users: M =571.09
fT/(cm*ms), SD=390.10), nor in the number of epochs retained
for analysis in the switch (t=0.44, p=0.662; cannabis users:
M=87.85, SD=3.73; non-users: M=88.57, SD=6.36) and no-
switch conditions (t=—0.23, p=0.821; cannabis users: M =87.75,
SD=3.68; non-users: M=87.48, SD=4.10).

We then transformed the artefact-free epochs into the time-
frequency domain (resolution: 2Hz, 25ms; 4-100Hz) using
complex demodulation [48, 49]. Each sensor's spectral power
estimations were averaged over trials to produce time-frequency
plots of mean spectral density and then normalized by the base-
line power of each respective bin, which was calculated as the
mean power from —500 to Oms. Next, we determined time-
frequency windows for source analysis based on a data-driven
approach that used paired-sample ¢-tests against baseline across
all participants for each pixel in the spectrograms, with the sig-
nificant pixels being subjected to cluster-based permutation test-
ing (10,000 permutations) to control for Type 1 error. The initial
cluster threshold was p <0.005.

2.8 | MEG Source Imaging

The time-frequency resolved source images were computed
using the dynamic imaging of coherent sources (DICS) beam-
former to image oscillatory activity in the time-frequency win-
dows that survived the sensor-level statistical analysis described
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above [50-52]. We used active task and pre-stimulus baseline
periods of equal duration and bandwidth [53] to compute noise-
normalized source power per voxel, with the resulting pseudo-t
units reflecting power differences (i.e., active versus baseline)
per voxel (resolution: 4x4x4mm). The resulting beamform-
ing maps were then transformed into standardized space and
spatially resampled by applying the same transform that was
applied to the native space structural images per participant.
These images were then grand averaged separately for each
time-frequency window of interest across all participants and
conditions and separately between cannabis users and non-
users to visually depict differences in power as a function of
cannabis use.

2.9 | Functional Connectivity (FC)

To probe FC, the peak voxels from the grand averaged beam-
former images were used as seed voxels for the calculation of
a coherence beamformer using the DICS approach [51]. Switch
and no-switch images were computed separately, and whole-
brain neural switch cost maps were computed by subtracting
no-switch trials from the switch trials. These neural switch cost
maps of FC were adjusted for signal power at the whole-brain
level and were correlated with the behavioural (i.e., reaction
time) switch cost in cannabis users and non-users separately. We
then compared the resulting statistical maps by group using a
whole-brain Fisher Z transformation [54-59]. Coherence values
adjusted for signal power were extracted from the peak voxel of
the resultant significant clusters of neural activity (i.e., the voxel
with the highest statistical value per cluster) per participant. To
account for multiple comparisons, a significance threshold of
p<0.005 was used for the identification of significant clusters
in all whole-brain statistical maps, accompanied by a cluster (k)
threshold of at least 25 contiguous voxels (i.e., 1600 mm? of brain
tissue) based on the theory of Gaussian random fields [60-62].
Additionally, we did not consider coherence within 4cm of the
seed region in further analyses to account for signal leakage [63].
All whole-brain statistical analyses were computed using a cus-
tom function in MATLAB (MathWorks; Natick, Massachusetts)
and other statistical analyses were conducted in IBM SPSS v.25.

2.10 | Availability of Data

The data used in this article will be made publicly available
through the COINS framework upon the completion of the study
(https://coins.trendscenter.org/).

3 | Results

3.1 | Participant Characteristics

Of the 55 participants (25 cannabis users, 30 non-users), eight
participants (three cannabis users, five non-users) were lost to
follow-up, one participant was excluded for low task accuracy
(<60% of trials correct), and one participant did not successfully
complete the MEG scan. The final sample included 45 partic-
ipants (20 cannabis users, 25 non-users) between the ages of
20 and 60years old (M=41.28, SD=10.93) who successfully

completed the neuropsychological assessment, substance use in-
terview, and the task-switch paradigm during the MEG session.
For a more detailed breakdown of demographic data for the final
sample, refer to Table 1.

3.2 | Task-Switch Task Performance

To assess the impact of cannabis use on behavioural perfor-
mance, we conducted a 2 X 2 ANOVA with a within-groups effect
of condition (i.e., switch vs. no-switch), and a between-groups
effect of cannabis use (i.e., cannabis users vs. non-users). We
found there was a significant main effect of condition (F=49.98,
p<0.001), indicating that regardless of cannabis use status,
participants responded more slowly on switch trials relative to
no-switch trials (i.e., the behavioural switch cost; Figure 1B).
Neither the main effect of cannabis use (F=0.02, p=0.878) nor
the cannabis use-by-condition interaction (F=0.51, p=0.477)
were significant. Regarding accuracy, there were no significant
main effects by group (F=0.01, p=0.945), condition (F=0.14,
p=0.706), or in the group-by-condition interaction (F=1.18,
p=0.283; Figure 1B).

3.3 | Neural Oscillatory Responses

Sensor-level analyses collapsed across both conditions and
groups revealed five distinct time-frequency windows in all
participants. Specifically, significant increases in power rel-
ative to the baseline period were observed in the theta range
(4-8Hz) from 0 to 250 ms and in the gamma band (46-70 Hz)

TABLE1 | Meansandstandard deviations of demographic measures.
Cannabis Non-users
users (n=20) (n=25) P
Age 39.90 (10.07)  41.96(10.70)  0.67
Sex (% male) 57% 60% 0.54
CUDIT-R total 5.76 (7.36) — —
score
Alcohol use 20% 8% 0.38
disorder (%)
Learning Z-score 0.13 (0.70) 0.56 (0.86) 0.07
Memory Z-score 0.15 (0.63) 0.53 (0.83) 0.09
Processing speed 0.50 (0.81) 0.40 (0.89) 0.69
Z-score
Attention Z-score 0.20 (0.77) 0.32(0.69) 0.56
Executive 0.85(0.85) 0.61 (0.79) 0.33
function Z-score
Language Z-score 0.34(0.65) -0.07(0.86)  0.08
Motor dexterity 0.10 (0.75) 0.21 (0.72) 0.61
Z-score
BDI-II total score 7.10 (5.32) 4.04 (6.16) 0.09

Note: Percentages shown for sex and alcohol use disorder (x? for sex and Fisher's
exact test for alcohol use disorder).
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during an early (150-475ms) and later time window (475-
800 ms; Figure 2; ps <0.005, corrected). In addition, decreases
in power relative to the baseline period were observed in the
alpha range (8-12Hz) from 350 to 750ms and in the beta
(16-22Hz) band from 400 to 900ms (Figure 2; ps<0.005,
corrected). These windows were imaged both combined
and separately across conditions (i.e., switch and no-switch)
per participant. Whole-brain responses for the separate and
combined conditions were averaged across all participants
(Figure 3), which revealed bilateral theta, alpha, early and late
gamma activity in the visual cortices, as well as alpha activity
in the left superior parietal. The beta oscillations were cen-
tred on the left precentral gyrus (i.e., primary motor cortex)
and thus were not further examined as the study focused on
the cognitive features of the task and not motor performance.
Average beamformer maps per condition and group are shown
in Figure S1.

3.4 | Altered Relationship Between Neural
and Behavioural Switch Costs

We computed whole-brain voxel-wise coherence maps per
condition using the DICS approach [51], with the peak vox-
els from the grand-average maps across both conditions and
groups being the seeds for each time-frequency window. Next,
we computed neural switch cost coherence maps (switch —
no-switch) per participant. We then ran whole-brain correla-
tions using the neural coherence switch cost maps and the
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behavioural (i.e., reaction time) switch cost for cannabis users
and non-users separately. These whole-brain correlation maps
by group are shown in Figure S2. Notably, to ensure that the
amplitude of the neural response at the seed and source loca-
tions were not driving the connectivity, a voxel-wise ampli-
tude covariate of no interest was included in the computation.
The whole-brain correlation maps were then subjected to
Fisher r-to-z transformations to probe for group differences in
the association between FC and the behavioural switch cost
using a threshold of p <0.005, k > 25.

Results revealed differences in the theta, alpha, early gamma,
and late gamma bands. Specifically, there were differential as-
sociations in theta FC and behavioural switch costs between
the left visual cortex and the right cerebellum (ry,, cers=—0-62,
p=0.006; ;. =0.63, p=0.017; Z=-3.66, p <0.001; Figure 4A)
and in early alpha between the right visual cortex and the
right insula (ry,, yeers=0-24, p=0.341; =0.80, p<0.001;
Z=-2.22, p=0.026; Figure 4B).

Users

Differences in the relationship between early gamma FC
switch cost and the behavioural switch cost were found be-
tween the left visual cortex and the left inferior frontal
gyrus  (Fyonusers =0-36, p=0.246; ry.,..=—0.81, p<0.001;
7Z=3.49, p<0.001; Figure 5A), as well as the right temporo-
parietal junction (TPJ; ry, . cers =0.73, p=0.007; 1y . = —0.57,
p=0.022; Z=3.62, p<0.001; Figure 5A). Regarding the late
gamma band response, cannabis use was associated with dif-
ferent relationships between FC and behavioural switch costs
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FIGURE2 | Neural responses to the task-switch paradigm. Grand-averaged time-frequency spectrograms of MEG sensors illustrating significant
responses: theta (8; 4-8 Hz, 0-250ms), alpha (o; 8-12Hz, 350-750ms), beta (; 16-22 Hz, 400-900ms), early gamma (y; 46-70 Hz, 150-475ms) and
late gamma (46-70Hz, 475-800ms) activity. Theta and alpha responses are depicted by a parieto-occipital sensor (MEG1923), beta responses are

depicted using a parietal sensor (MEG0422), and gamma is depicted by a parieto-occipital sensor (MEG2042). Responses are shown across all partic-

ipants (right) and separately per group (left and middle). Frequencies (Hz) are shown on the y-axis and time (ms) on the x-axis. Signal power data are

expressed as a percent difference from the baseline period with the colour scale shown with scales to the far right.
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in the left visual cortex to left inferior frontal gyrus pathway
(Mnonasers = 0-56, p=0.032; 1. =—0.62, p=0.023; Z=3.17,
p=0.002; Figure 5B), as well as connectivity between right vi-
sual cortex and the left cerebellum (r,, sers = —0-62, p=0.006;
Fusers = 0.63, p=0.017; Z=—-2.98, p=0.003; Figure 5B) and the
left TPJ (ry,p.users = 0-46, p=0.085; ry...,=—0.71, p=0.004;

Z=3.32, p<0.001; Figure 5B).

4 | Discussion

Our results indicated differential associations between FC
switch costs and behavioural (i.e., reaction time) switch costs in
the theta, alpha, early gamma, and late gamma bands between
chronic cannabis users and non-users. Specifically, connectivity
between the visual cortices and brain regions such as the TPJ,
insula, inferior frontal gyrus, and cerebellum were differently
related to the behavioural switch cost effect in users, who im-
portantly were not acutely under the influence of cannabis at
the time of the MEG scan. Because cannabis users and non-
users did not significantly differ in task accuracy and reaction
time, the results suggest that cannabis users may rely on altered
patterns of functional connectivity within the ventral attention
network to maintain adequate performance. Overall, our results

are in line with our primary hypothesis that the oscillatory dy-
namics serving cognitive flexibility are altered in chronic can-
nabis users.

Theta FC between the left visual cortex and the right cerebel-
lum during task switching sharply increased as a function of
the behavioural switch cost in cannabis users. Theta oscillations
are known to be important for the temporal organization of in-
coming visual stimuli, and theta activity in the occipital cortices
has been strongly tied to visual processing and initial sensory
encoding [64-67]. Theta band oscillatory activity and FC in the
fronto-parietal network are known to be crucial for support-
ing the top-down orientation of attention and cognitive control
processing [14, 68-71], and it has been shown to be aberrant in
cannabis users during tasks that probe higher-order cognition,
as noted previously [17, 18]. These documented alterations in
theta activity further suggest compensatory processing among
chronic cannabis users.

Our theta findings in the cerebellum are particularly notewor-
thy, as even though CB, receptors are located throughout the
brain, the cerebellum has a high concentration of these re-
ceptors [72]. In fact, resting-state fMRI studies have reported
cannabis-related alterations to cerebellar-cortical connectivity
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FIGURE 4 | Group differences in the relationship between theta and alpha functional connectivity (FC) and behaviour during task switching.

(A) Theta FC switch costs between left visual cortex and the right cerebellum were differentially associated with behavioural reaction time (RT)

switch costs in users (green) compared to non-users (salmon). Corresponding brain regions are depicted in the glass brain (right). (B) The relation-

ship between alpha FC switch cost and RT switch costs also differed by group between right visual cortex and right insula. All Fisher Z scores were

significant (p <0.005).

[33, 73, 74]. Cerebellar findings also emerged in the late gamma
band, as there were cross-hemispheric FC switch costs from
the right visual cortex to the left cerebellum. These findings
were in the same direction as the theta FC results in regard to
group effects and brain regions involved, but the laterality pat-
tern was reversed. These results further underscore the overall
importance of the cerebellum in task switching and the impact
that cannabis use has on this region. Interestingly, beyond this
specific pathway, larger FC switch costs were associated with
smaller behavioural switch costs in the early and late gamma
bands in cannabis users. Gamma activity is especially import-
ant for attention, with stronger gamma activity being associated
with the bottom-up attentional processing within the VAN [75].
Further, it has been suggested that oscillatory gamma activity
supports stronger coupling between sensory regions, namely,
the visual and frontal cortices during attention tasks [75]. As
mentioned previously, cannabis has been shown to alter gamma
activity via modulation of CB, receptors [26]. In the cortex, these
presynaptic receptors inhibit the release of y-aminobutyric acid
(GABA) from interneurons, which are theorized to be the driv-
ing force of gamma oscillatory activity [76-78]. Due to the pres-
ence of CB, receptors throughout the cortex and cerebellum,
it follows that the majority of our cannabis findings are in the
gamma frequency band, which is purported to be the most heav-
ily impacted by endocannabinoid receptor activation.

In addition to differences in the theta and gamma bands, we
found FC effects in the alpha range during task switching.
Neural oscillatory activity in the alpha (and gamma) spectral

windows is consistent with a previous MEG study of cognitive
flexibility among non-users, which also found involvement of
the VAN [14]. The VAN is important for detecting and orienting
attention to relevant stimuli by supporting bottom-up process-
ing and involves brain regions such as the TPJ, ventral frontal
cortex, inferior frontal gyrus, and insula [12, 70, 79-81]. As the
VAN is critical for task switching, it follows that in the present
study, stronger connectivity between visual cortices and regions
of the VAN were associated with reduced behavioural switch
costs in cannabis users. This was also true for pathways involv-
ing the TPJ in the early and late gamma frequencies, which is a
region of the VAN that supports the detection of salient stimuli
and sustained attention [80]. In another MEG study regarding
chronic cannabis use and attentional processing, differential
alpha activity was also observed in the insula, as well as the
ACC, among users compared to non-users in the absence of be-
havioural differences [67]. This work provides further evidence
of compensatory processing among chronic users to effectively
shift attention and support the behaviourally relevant control
over lower-order attention network nodes [12, 82].

It is important to contextualize these results in terms of sub-
stance use behaviour. One limitation of this study is that we fo-
cused solely on adult cannabis users, though differences in how
cannabis use impacts attention and executive function among
adolescents and adults have been documented [83]. Future stud-
ies should further probe the effects that cannabis use may have
during the transition from adolescence to adulthood. Another
limitation of our study is that our sample was composed of
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Group differences in the relationship between gamma functional connectivity and behaviour during task switching. (A) The rela-

tionship between early gamma functional connectivity (FC) switch cost and reaction time (RT) switch cost differed by group between the left visual
cortex and left inferior frontal gyrus. Corresponding brain regions are depicted in the glass brain. Early gamma FC switch cost and RT switch cost
association also differed by group between the left visual cortex and right temporoparietal junction (TPJ). (B) The relationship between late gamma

FC switch cost and RT switch cost differed by group between the left visual cortex and left inferior frontal, as well as the right visual cortex and left

cerebellum, and the right visual cortex and left TPJ. All Fisher Z scores were significant (p <0.005).

chronic heavy cannabis users that had been using cannabis
regularly for at least the past threeyears, so these results may
not generalize to infrequent cannabis users. It is also crucial to
emphasize that these findings reflect the impact of regular long-
term cannabis use rather than the acute effects of cannabis, and
thus, our findings would likely differ from studies focusing on
the acute effects of cannabis use. Another possible limitation
surrounds our task design, as it is possible that we did not find
differences in task performance between groups due to the task
not being sufficiently challenging to elicit cognitive flexibility
deficits in the users. A more difficult task in this domain may
result in significant behavioural differences between users and
non-users, and this should be a priority in future studies. Also,
we did not collect information regarding recent caffeine use
that could impact task performance, and such data should be
collected in future work. Finally, it is important to acknowledge
that other FC methods such as the phase locking value, which
looks at the phase relationships between two cortical sources
over time, may yield different patterns of connectivity than the
coherence measures used in the present study. Using alterna-
tive methods for computing FC and taking a dynamic FC ap-
proach [84-89] will be important in future work and should be
a priority.

In summary, this study provides evidence that chronic can-
nabis users rely on different patterns of FC to minimize costs
during task switching. This is in line with previous literature

indicating altered neural dynamics underlying attention and
attention reorientation in cannabis users compared to non-
users, despite similar task performance [16-18]. We conclude
that our results are indicative of altered compensatory processes
within the VAN in cannabis users to maintain adequate task
performance.

Data Availability Statement

The data used in this article will be made publicly available through
the COINS framework upon the completion of the study (https://coins.
trendscenter.org/).
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