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One size does not fit all:
notable individual variation
In brain activity correlates
of antidepressant
treatment response
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of Calgary, Calgary, AB, Canada, *Mathison Centre, University of Calgary, Calgary, AB, Canada

Introduction: To date, no robust electroencephalography (EEG) markers of
antidepressant treatment response have been identified. Variable findings may
arise from the use of group analyses, which neglect individual variation. Using a
combination of group and single-participant analyses, we explored individual
variability in EEG characteristics of treatment response.

Methods: Resting-state EEG data and Montgomery-Asberg Depression Rating
Scale (MADRS) symptom scores were collected from 43 patients with depression
before, at 1 and 12 weeks of pharmacotherapy. Partial least squares (PLS) was
used to: 1) identify group differences in EEG connectivity (weighted phase lag
index) and complexity (multiscale entropy) between eventual medication
responders and non-responders, and 2) determine whether group patterns
could be identified in individual patients.

Results: Responders showed decreased alpha and increased beta connectivity,
and early, widespread decreases in complexity over treatment. Non-responders
showed an opposite connectivity pattern, and later, spatially confined decreases
in complexity. Thus, as in previous studies, our group analyses identified
significant differences between groups of patients with different treatment
outcomes. These group-level EEG characteristics were only identified in ~40-
60% of individual patients, as assessed quantitatively by correlating the
spatiotemporal brain patterns between groups and individual results, and by
independent raters through visualization.
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Discussion: Our single-participant analyses suggest that substantial individual
variation exists, and needs to be considered when investigating characteristics
of antidepressant treatment response for potential clinical applicability.

Clinical trial registration: https://clinicaltrials.gov, identifier NCT00519428.
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1 Introduction

Neuroscience research on major depression (MD) has greatly
improved our understanding of the brain alterations accompanying
the disorder. Accumulating studies comparing patients with MD to
controls have highlighted both local and global alterations in brain
network function, indicating that MD might best be characterized
as a network disorder (1, 2). Studies have also examined
relationships between brain network characteristics and
antidepressant treatment success; this is especially relevant given
the variability in treatment outcomes in MD (e.g. 3). Despite high
hopes for the application of such research in clinical practice,
findings have been variable, and no robust diagnostic or
prognostic information for individual patients have been reported
to date, or are being implemented routinely (4, 5).

Functional connectivity, which is an index of brain network
function that measures the level of synchronized activity between
brain regions, has shown promise for revealing network
characteristics associated with treatment success (6-9).
Electroencephalography (EEG) studies investigating associations
between treatment success following pharmacotherapy and
functional connectivity found that weaker low frequency (delta,
theta and alpha) connectivity at baseline, and a decrease in
connectivity at these frequencies in right frontal and temporal
electrode pairs was associated with better outcomes (6, 9).
However, increased alpha connectivity with treatment has also
been associated with better treatment outcomes (8). In the beta
frequency band, some studies found lower pre-treatment
connectivity and an early increase in connectivity, again mostly at
frontal, temporal and central sites, to be associated with a better
response (7, 8), while others did not find any treatment-related
effects in beta connectivity (6), further highlighting the variability of
findings in this context.

Researchers have also investigated network dynamics in MD by
examining complexity in brain signals, which provides
complementary information to more traditional measures of
brain network function (10). Signals are considered to be complex
when they have both stochastic and deterministic properties, and
thus are neither completely predictable nor entirely random (11).
Some studies suggest that patients with MD exhibit greater signal

Frontiers in Psychiatry

complexity than controls (12-15), and decreases in complexity have
been associated with symptom improvement (16, 17). In contrast,
Cuki¢ and colleagues (18) found higher complexity in patients in
remission from MD compared to both currently depressed patients
and controls. Importantly, most of the discussed studies assessed
complexity only at high temporal resolutions (1-10 milliseconds
between datapoints). Our group found no association between
treatment response and complexity at these fine temporal scales
prior to treatment, but demonstrated that greater treatment
response was associated with greater complexity at lower
temporal resolutions (i.e. 20-40ms; 19).

These variable findings have been attributed to the intrinsically
heterogeneous nature of depression (3, 20, 21), and not just in terms
of symptom profiles, which alone can present with over 1000
unique symptom profiles (22). Other sources of heterogeneity
include age of onset, chronicity and severity of depression,
psychiatric comorbidities, as well as sex and gender differences
(23, 24). In this context, group analyses using small to moderate
samples could easily lead to variable findings, which may account
for difficulties identifying robust diagnostic or prognostic classifiers.
Group analyses tend to capture central tendencies in the data and
treat individual variation outside of these common features as noise;
as such, this might result in somewhat different commonalities
depending on the patient sample included in each study. Evidence
of such individual divergence from group level findings in brain
recordings was recently shown by our group in MD, where we
quantified individual differences in fMRI functional connectivity
(resting state and task, with task effects revisualized) from patients
and controls. Individual differences in functional connectomes
accounted for >40% of the explained variance in the data. Group
differences were significant but much smaller for sex, depression
diagnosis and its treatment which accounted for only about 5% of
the variance together (25, preprint). These results underscore the
importance of exploring individual variation in relation to group
findings in psychiatric research.

Based on this work, we sought to characterise the extent to
which group level findings are able to describe individuals. We
examined EEG connectivity and complexity in data from a
registered clinical trial comparing mono- vs. dual-therapy with
antidepressant medications (escitalopram and bupropion) whose
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efficacy has already been established, and for which group results on
brain function have been investigated and reported (e.g., 19, 26-28).
In our study, we novelly focused on brain comparisons between MD
groups with different treatment outcomes and examined how well
such group differences translate to individuals. To our knowledge,
the latter has not yet been done in the context of MD.

Similar to other studies in this field (e.g., 7, 8, 18), our sample
consisted of 43 well-characterized patients, receiving one of three
antidepressant medication regimens (escitalopram, buproprion or
buprioion+escitalopram) for 12 weeks. For group analyses, patients
were divided into eventual antidepressant pharmacotherapy
responders (=50% symptom improvement on the Montgomery-
Asberg Depression Rating Scale [MADRS] from baseline to 12
weeks of treatment) and non-responders (<50% improvement).
EEG was measured at baseline, and after 1 and 12 weeks of
treatment. We identified patterns of change in EEG connectivity
and complexity at the group level in responders and non-
responders, and examined the extent to which each individual’s
results conformed to their own group’s pattern through single-
participant analyses. Based on the most consistently reported
findings from previous literature, we expected that as a group,
responders would exhibit decreased connectivity at lower
frequencies (delta, theta and alpha) with treatment, and decreased
complexity in response to pharmacotherapy (6, 7, 9, 16). Based on
our work quantifying individual differences in MD with fMRI
(25, preprint), we expected significant individual variation around
the patterns found in responder and non-responder groups. Here
we map what this variation looks like.

2 Methods

An overview of the data collection, processing, and analysis
procedure can be found in Figure 1.

2.1 Participants

Fifty-three adults with a primary diagnosis of major depressive
disorder (MD), as assessed by a psychiatrist with the Structured
Clinical Interview for the Diagnostic and Statistical Manual of Mental
Disorders-Fourth Edition (Text Revision) DSM-IV-TR [SCID-IV-
TR] (29), participated in this study, as previously described (19).
Briefly, patients were excluded if they had any other Axis I disorder
(except for anxiety disorders), recent (< 6 months ago) problems with
substance abuse/dependence, an unstable medical condition,
significant suicide risk, seizure history, or if they had been
previously treated for their current depressive episode with the
study medications. Medicated patients underwent a supervised
washout period prior to study commencement (>5 weeks for
fluoxetine, 1 week for other medications, consistent with wash-out
protocols). As part of a clinical trial conducted between August 2007
and March 2012 (28, 30), patients received either escitalopram (ESC)
and placebo, bupropion (BUP) and placebo, or a combination of the
two medications for 12 weeks. Assignment to a specific treatment
regimen was randomized (double blind).
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Depressive symptoms were assessed using the MADRS (31, 32),
every week during the first 4 weeks, and biweekly for the remaining
8 weeks. Dosage was increased if tolerated and remission was not
yet reached (average dose at 12 weeks for the current sample: dual
treatment: ESC = 32 mg, BUP = 379 mg; monotherapy: ESC = 34
mg, BUP = 425 mg). All patients had a baseline MADRS score > 22.
Patients whose MADRS scores improved >50% from baseline to 12
weeks were considered responders (R), while those who improved
<50% were considered non-responders (NR). Due to participant
drop-out and issues with EEG data quality, 10 participants were
excluded, leaving 43 participants for data analysis (i.e. complete
datasets at baseline, week 1 and 12). Of these, 25 were responders
and 18 were non-responders. Demographic and clinical
characteristics can be found in Table 1 (statistically compared on
pertinent variables). All participants provided written informed
consent and were reimbursed $30 CAD/testing session. This
study was approved by the Royal Ottawa Health Care Group and
University of Ottawa Research Ethics Boards.

We conducted power analyses in G*Power (33) to assess the
statistical power our sample afforded us. As no established way
exists to conduct power analyses for our multivariate statistical
approach (partial least squares - see below), we estimated power
based on the univariate model that most closely matched our
experimental design, namely a 2 (responders vs non-responders)
x 3 (baseline, week 1, week 12) mixed ANOVA. We determined that
our sample size is sufficient to detect small within-subject and
moderate between-subject effects at >80% power, and these
calculations are in line with sample size guidelines proposed by
Cohen and colleagues (34).

2.2 EEG data collection

Resting state EEG recordings were collected before the start of
treatment (baseline), 1 week and 12 weeks after treatment initiation
at the Royal Ottawa Mental Health Centre. Participants abstained
from caffeine and nicotine >3 hours prior to testing, and did not
take any psychotropic medications, other than the prescribed
antidepressants. Two 3-minute resting-state EEG recordings were
collected, one with eyes open (EO) and one with eyes closed (EC),
while participants sat in a temperature- and light-controlled testing
chamber. Ip and colleagues (35) showed that 3-minute EEG
recordings are enough to extract reliable EEG characteristics in
the theta, alpha and beta bands using a test-retest design.
Gudmundsson and colleagues (36) furthermore, examined
reliability in EEG spectral power, complexity and connectivity,
and found decent reliability with 40 seconds of data included in
analysis. The order of EO and EC testing was counterbalanced
between participants and sessions. The rationale for these short eyes
open/eyes closed recordings was to mitigate the possibility of
sleepiness contaminating the data. Furthermore, most data
collection was done during the day (i.e., not first thing in the
morning or in the evening), though variability existed. EEG was
recorded using 32 Ag/AgCl (silver chloride) electrodes embedded in
a cap (EasyCap, Inning am Ammersee, Germany), with electrodes
positioned according to a variant of the 10-20 system (37). AFz
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FIGURE 1

Chart diagram of data analysis procedure. (A) Resting state EEG was collected from each participant at three time points: prior to treatment (T1), 1
week after starting treatment (T2), and 12 weeks after starting treatment (T3). (B) Preprocessed EEG data was used to calculate connectivity
(weighted phase lag index - WPLI) and complexity (multiscale entropy - MSE) for each participant and assessment session, resulting in a data matrix
of dimensions 99 (frequencies) * 378 (channel pairs) for WPLI and 28 (channels) * 20 (timescales) for MSE, for each individual and assessment
session. (C) These data matrices were aggregated and entered into PLS-SVD analyses. For the group analyses, we used regular (mean-centering)
PLS. In such analyses, the entered data matrix (containing WPLI/MSE values averaged over epochs for each participant) is mean-centered, meaning
the normalized average is calculated within each condition (in our case assessment sessions). This creates a mean-centered data matrix, which is
subjected to singular value decomposition (SVD). This results in latent variables (LVs), the first accounting for most of the variance, and each
remaining LV accounting for additional parts of the remaining variance (only one LV is illustrated). Each LV consists of a singular value, an observed
contrast and a singular image. The singular value indicates the strength of the effect revealed by the LV, and is used to assess the significance of the
LV through permutation testing. The observed contrast reveals the condition differences the LV represents. The singular image highlights the
elements (in our case, timescales/frequencies and channels/channel pairs) where differences in connectivity/complexity are identified. A
bootstrapping procedure is used to identify the elements that show stable differences across participants (indicated by bootstrap ratios). The singular
image is multiplied by the original data matrices for each participant and session to calculate brain scores, which reveal the individual variation in the
expression of the condition contrast. Brain scores are used to determine the 95% confidence interval around the condition means, and can therefore
show the reliability of the observed contrast. The reliable observed contrasts from the group analyses were used in the individual analyses, for which
we employed non-rotated PLS. In these analyses, the data matrices (WPLI/MSE values from single epochs), were multiplied with the condition
contrasts observed in the group analyses to examine if the same contrasts were present in individual participants. The same components (singular
value, observed contrast and singular image) are then extracted from the cross-correlation matrix and assessed the same way (through permutation
testing and bootstrap resampling). (D) We assessed the similarity between group and individual findings in two ways. 1) We correlated the singular
image from the group analysis with the singular images from each individual's analysis. 2) We used the singular image from the group analysis to
determine the main features of the group findings, which were then used as rating criteria by two independent, blind raters using visual inspection to
rate whether or not the singular images from individual analyses matched the singular images of the group findings. While the assessment of
similarity was focused on the spatiotemporal pattern (singular images), significance and the match of observed contrasts was also checked before
assessing similarity of singular images. EEG, electroencephalography; T1, assessment session 1 (prior to treatment); T2, assessment session 2 (at 1
week of treatment); T3, assessment session 3 (at 12 weeks of treatment); WPLI, weighted phase lag index; MSE, multiscale entropy; PLS, partial least
squares; SVD, singular value decomposition; BSR, bootstrap ratio; corr, correlation
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TABLE 1 Demographic and clinical characteristics (means + standard
error) of antidepressant treatment responders and non-responders.

Responders Non- Statistics
(N = 25) responders
(N =18)
Sex (F/M) 14/11 9/9 x(3) = 0.15,
p=.70
Age 35.1+2.1 448 +2.7 t(35) = 2.77,
(range: 19-57) (range: 20-63) p =.009*
Education (years) 154 + 0.5 16.3 + 0.6 t(34) = 1.20,
p=.24
Race/Ethnicity 3 Asian; 1 African; p=48
22 White 17 White (Fisher’s
exact test)
Comorbid anxiety 3/22 3/15 p=.68
(Yes/No) (Fisher’s
exact test)
Treatment regimen 12/6/7 5/6/7 xZ(S) =179,
(ESC+BUP/BUP p=41
+placebo/ESC+placebo)
Baseline MADRS score 29.4+09 322+ 1.1 t(36) = 1.91,
p =064
MADRS score at 23.1 £ 1.6 279+ 19 t(37) = 1.92,
1 week p=.063
MADRS score at 6.0 £ 1.0 249 £ 19 t(26) = 8.85,
12 weeks p <.001*

Group differences were examined using independent samples t-tests in Excel, unless reported
otherwise. * Significance at p <.05. F, female; M, male; ESC, escitalopram; BUP, bupropion;
MADRS, Montgomery-Asberg Depression Rating Scale.

served as the ground, and the average of the two mastoid channels
(Tp9/Tp10) was used as the reference. Four additional channels
were placed outside the left and right eye canthi, and above and
below one eye, to monitor electrooculographic (EOG) activity. Data
was sampled at 500 Hz, and impedance was <5KQ (BrainVision
Recorder, Gilching, Germany).

2.3 EEG preprocessing

EEG data were preprocessed using EEGLAB v13.4.4b (38) in
MATLAB 2014 (The MathWorks, Inc., Natick, Massachusetts).
Raw EEG data were bandpass filtered (0.5-55 Hz; slope: 12 dB/
octave) using ERPlab’s IIR butterworth filter, notch filtered at 60 Hz
(lower and upper edge: 55-65 Hz) using EEGlab’s basic FIR filter
and segmented into 2s epochs. We used an independent component
analysis (ICA) to identify and eliminate noise and ocular artifacts.
Channels with excessive noise or drift were excluded from the ICA
procedure, and subsequently interpolated using EEGlab’s spherical
spline interpolation function. The average number of interpolated
channels was 0.11, and no more than two channels were
interpolated for each participant and session (34). Epochs were
visually inspected following ICA, and those with remaining artifacts
were manually rejected. An average of 85.7 (range: 63-113) artifact
free epochs were obtained per participant, state (EC/EO) and
session (baseline, week 1 & 12), including 28 electrodes (Fp1/2;
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F3/4; F7/8; FC1/2; FC5/6; C3/4; CP1/2; CP5/6; P3/4; P7/8; T7/8; O1/
2; Fz/Cz/Pz/Oz). The two reference channels and two additional
channels that provided low data quality for most participants (FT9/
FT10) were excluded from analysis. There was no statistical
difference between responders and non-responders in number of
artifact-free epochs per session or state (p-values:.09-.9).

2.4 Connectivity analysis

Functional connectivity, as quantified by the weighted phase lag
index (WPLI), was calculated for each unique combination of the 28
channels (378 pairs) using the open source Fieldtrip toolbox (39) in
MATLAB. WPLI is a modified version of the phase lag index (PLI),
which was first described in 2007 by Stam and colleagues (40). It
estimates connectivity by calculating the phase angle difference
between EEG signals from two channels for each time point, and
determining the consistency in these phase lags over time. As such,
if the difference in phase between two channels is similar over time,
the PLI will be high, indicating high connectivity between two
channels. An advantage of the PLI compared to other EEG
connectivity measures is that it is less sensitive to volume
conduction, because it disregards any phase lags of 0 and m. The
WPLI also takes into account that phase lags can easily turn into
leads and vice versa (e.g. a slightly positive phase angle difference
can turn into a slightly negative phase angle difference). While the
PLI is sensitive to such small disturbances in phase lags, the WPLI
resolves this issue by giving greater weight to angle differences
around 0.57 and 1.5m (41). The result is a value between 0 and 1,
with higher values indicating stronger connectivity. WPLI was
calculated in two ways, first across epochs, as is commonly used
and enables direct comparisions with previous findings, and then
within epochs, which is less commonly used, but enables single-
participant analyses.

2.4.1 Across-epoch WPLI

Phase information was first extracted for each epoch, channel
and frequency bin (0.5-50 Hz, 0.5 Hz bins) using Fieldtrip’s fast
Fourier transformation algorithm. A Hanning taper was used for
the lower frequencies (0.5-30 Hz), while a multi-taper using the
discrete prolate spheroidal sequences (dpss) method with 2 Hz
smoothing was applied to the higher frequencies (31-50 Hz), to
optimize sensitivity of spectral content at each frequency. WPLI
values were then calculated by considering the consistency of phase
lags over epochs at each frequency bin for all channel pairs using
Fieldtrip’s connectivity function. Across-epoch WPLI was used for
the group analyses. This across-epoch method is not suitable for
single-participant analyses, because it does not allow calculation of
WPLI for individual epochs. Therefore, a second approach was used
to calculate WPLI for the single-participant analyses (34).

2.4.2 Single-epoch WPLI

Instead of extracting one phase value per epoch, phase was
determined for each time point within an epoch using a time-
frequency transformation with Morlet wavelets in the time domain.
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To have reasonable temporal and frequency resolution, the length
of the wavelets was increased with frequency in regular steps, from 3
cycles at 4 Hz to 7 cycles at 50 Hz (34). Frequencies below 4 Hz were
not included as the length of our epochs (2 seconds) was too short
to provide reliable estimations at these frequencies (i.e. 3 cycles of a
1 Hz wavelet are longer than 2 seconds). WPLI could then be
calculated for individual epochs by examining the consistency of
phase lags over time points within each epoch (34). These
individual epoch data were used for the individual connectivity
analyses. To confirm that this single-epoch approach provides
similar results at the group level as the across-epoch approach, we
also averaged these data over epochs for each participant and ran
the same group level analyses.

2.5 Brain signal complexity analysis

Multiscale entropy (MSE) was used to quantify brain signal
complexity. An advantage of MSE over other measures of
complexity is that it incorporates multiple time scales. This
feature is important because it differentiates between signals that
are purely random (e.g., white noise) and those comprised of both
random and deterministic components (e.g., 1/f or coloured noise).
Signals that are purely random show a rapid decline in the MSE
curve with increasing scale whereas those with temporal inter-
dependencies will have a more gradual shift in the MSE curve (42,
43). A detailed description and theoretic background for MSE is
outlined in Costa and colleagues (11). In short, MSE estimates the
regularity of a signal by evaluating the ratio of similar patterns of
different lengths repeating over several time scales. It is calculated in
two steps. First, the raw signal is resampled several times to create
data sequences that represent different temporal scales. Essentially,
an increasing number of non-overlapping data points are averaged
into one new data point. The first timescale is the (cleaned) raw time
series. With a sample rate of 500Hz in the current study, time scale 1
had a temporal resolution of 2 milliseconds between data points.
For time scale 2, two consecutive data points were averaged,
yielding a temporal resolution of 4 milliseconds; for time scale 3,
averaging occurs over three time points yielding a temporal
resolution of 6 milliseconds, and so on. The coarsest scale used in
this study was 20 (temporal resolution of 40 milliseconds), to ensure
a sufficient number of data points (minimum 50) for the sample
entropy calculation.

Next, sample entropy is calculated at each time scale. Sample
entropy determines the natural logarithm of the ratio of patterns of
length m over patterns of length m+1 repeated within one epoch.
This gives a value between 0 and 1, with higher numbers indicating
a less predictable/more variable signal (i.e. fewer patterns of length
m+1 compared to the number of patterns of length ). In line with
previous studies, (e.g. 19, 44) and guidelines outlined by Richman
and Moorman (45), we set parameter m to 2, while the similarity
criterion r, which determines which points in the time series are
considered to be ‘the same’, was set to 0.5 (i.e. two data points were
treated as indistinguishable if their amplitudes differed <50% of the
standard deviation of the time series). MSE was calculated for each
epoch and electrode at each time scale, using the algorithm available
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at www.physionet.org/physiotools/mse/. Single epoch MSE data
were used for statistical analyses at the individual level. MSE
values were also averaged over epochs to provide one MSE value
for each electrode and time scale per participant, session (baseline,
week 1 and 12) and state (EC and EO), which were used for group
level analyses.

2.6 Regression of age effects

To control for differences in age between responder and non-
responder groups (see Table 1), and because both brain signal
complexity and connectivity have been observed to change with age
(19, 46-49), age was regressed out of the data before the statistical
group comparisons using an in-house MATLAB script (50, 51).

2.7 State contrasts

Consistent with MSE and connectivity differences between EO
and EC states observed in previous studies (19, 52-55), we found
strong EO/EC effects in our analyses that masked changes occurring
over assessment sessions (see Supplementary Figures S1, S2).
Therefore, we performed analyses on EO and EC data separately.
To maximize the chance of replicating group findings at the
individual level, we performed single-participant analyses on the
data showing the strongest effects (EC for WPLI, EO for MSE), and
present those group findings below (other group findings are
presented in Supplementary Materials [Figures S3, S4]).

2.8 Statistical analyses with PLS-SVD

Partial least squares with singular value decomposition (PLS-
SVD) is a multivariate statistical approach that can detect
condition- and/or group-related differences in whole-brain
variables (56, 57). Briefly, PLS-SVD calculates the normalized
average across participants within each condition (in this case,
responder status and assessment sessions) for each element in the
brain characteristic matrices (in this case, frequencies and electrode
pairs for WPLIL, or time scales and electrodes for MSE). Then,
this mean-centered matrix is decomposed using SVD into
orthogonal latent variables (LVs) that account for most of the
covariance between groups/conditions and brain characteristics,
revealing the optimal associations between specific groups/
conditions and spatiotemporal patterns in the brain. LVs contain
several components. One is the singular value, which indicates the
strength of the effect the LV represents. Another component holds
the condition contrast, which reveals the linear combination of
weights capturing differences between conditions (groups and
assessment sessions in our data). The third component contains
the element loadings (singular image), which represent the pattern
of the specific data elements (in this study frequencies and electrode
pairs for WPLIL, and time scales and electrodes for MSE) that show
the given contrast. These element loadings are used to compute
brain scores: the dot product of the element loadings with each
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participants’ data for each assessment session. Brain scores
represent the extent to which each participant expresses the given
contrast in a single number per participant and condition
(see Figure 1C).

Statistical testing occurs at two levels in PLS-SVD analyses. First,
the overall significance of the LV is determined using permutation
tests. In each permutation, the data are randomly shuffled between
conditions (within participants) and between groups, and PLS-SVD
analysis is performed on the shuffled data just as on the actual data.
LVs are considered significant when their singular value is more
extreme than 95% of the singular values calculated from the
randomly shuffled data (corresponding to p <.05). In the current
study, 500 permutations were performed for each analysis. Second,
the stability of the identified pattern across participants is established
through bootstrap resampling. In essence, the PLS-SVD analysis is
repeated with different subsamples of participants, to see how
consistently each electrode pair/electrode and frequency/time scale
display the identified pattern of differences across the whole sample.
This consistency is quantified as a bootstrap ratio (BSR), which is
calculated by dividing the element loadings by the standard error of
the created bootstrap distribution for each element. In addition to
determining the stability of the pattern, bootstrap resampling also
protects against the influence of outliers, as subsamples with and
without the outlier would produce different outcomes, thereby
decreasing the consistency of the findings (i.e. the bootstrap ratio).
In practice, this means that effects that are driven largely by an outlier
get attenuated. Bootstrap ratios are similar to z-scores, with absolute
values > 3.1 corresponding to ~99% confidence interval. In this study,
bootstrap resampling was performed 200 times. As each statistical
test is computed in one mathematical step, no correction for multiple
comparisons is necessary (56). P-values indicating significance levels,
and percentage of crossblock covariance explained (PCCE) are
reported for each LV of interest. PLS-SVD analyses were applied
both at a group and individual level.

2.9 Group level analyses

Both groups (responders vs. non-responders) and all sessions
(baseline, 1 & 12 weeks of treatment) were entered in four PLS-SVD
analyses: two for connectivity (EO/EC states separately) and two for
complexity (EO/EC). As all showed interaction effects between
groups and assessment sessions, two additional analyses were run
for each analysis for responders and non-responders separately,
again including all sessions. The p-values of these follow-up
analyses were corrected for multiple comparisons using the
Bonferroni method.

The input data consisted of across-epoch WPLI/averaged MSE
values, organized into 2D matrices with n * k rows, and m * t
columns, with n being the number of participants (R: 25; NR:18)
and k the number of conditions (assessment sessions: 3). M and t
represent the spatiotemporal elements, namely the number of
electrode pairs (378) and frequencies (99) for the WPLI analyses
and the number of electrodes (28) and timescales (20) for the MSE
analyses. The same procedure was followed for the averaged, single-
epoch WPLI data (Methods — Connectivity analyses).
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2.10 Single-participant analyses

Non-rotated (hypothesis-driven) PLS analyses were performed
for each individual, using single-epoch EC WPLI data, and single-
epoch EO MSE data. Non-rotated PLS was chosen because it allows
one to determine whether and to what extent a specific, predefined
contrast is present in the data (57). Using the contrasts (patterns of
differences in connectivity and complexity between groups and
across sessions) found in the group analyses, non-rotated PLS was
used to test whether each individual followed the pattern of change
observed in responder and non-responder groups. Single epoch
WPLI/MSE values were organized into similar 2D matrices as
described for the group analyses, only now each participant had
their own matrix, with the n dimension representing the number of
epochs instead of participants (57). No correction for multiple
comparisons was applied, as these analyses aimed to replicate group
findings in separate datasets for each individual.

The similarity of the individual PLS outcomes to the group PLS-
SVD outcomes was quantified in two independent ways to balance
the advantages and suitability of quantitative and qualitative
measures (see Figure 1D). First, the similarity was estimated
quantitatively, by correlating the stable (|BSR| > 2, corresponding
to ~95% confidence interval) element loadings (i.e. the
spatiotemporal brain pattern) of the group results with the element
loadings of each participants’ individual analysis in MATLAB. For
connectivity, the element loadings from the group analyses on
averaged single-epoch WPLI were used for this correlation
procedure (Methods - Connectivity analyses). For participants
whose PLS analysis was non-significant (p >.05) or did not match
the predefined contrast (responder/non-responder), indicating a
different timing and/or direction of the change highlighted by
element loadings, the element loadings were not correlated with the
group results and were included as ‘showing no correlation with the
group pattern’ in the summaries. The percentage of participants
showing moderate-strong correlations (r>.4; 58) with their own
group outcome was considered as a quantitative indicator of how
well group results translated to individuals. Second, to balance
arbitrary cut-offs, significant individual outcome patterns were
visualized and classified by two independent raters, blind to
response status, as being similar to either or both the responder or
non-responder group patterns, or neither. Important responder and
non-responder features were selected based on visual inspection of
the most consistent changes across time (i.e. those with |BSR| > 3.1) in
the group analyses, and used to construct the rating criteria that both
independent raters used to determine similarity. The percentage of
participants being classified as conforming to their own group pattern
exclusively was determined as a qualitative indicator of the
replicability of the group patterns at the individual level.

3 Results

3.1 Participants

By design, responders had lower MADRS scores at week 12, but
not at baseline or week 1 (Table 1). Apart from responders being
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Results from the partial-least squares singular value decomposition (PLS-SVD) analyses examining change in connectivity as measured by weighted
phase lag index (WPLI) over the course of antidepressant medication treatment in eventual non-responders (left) and responders (right). Bar graphs
(A) depict the contrast between assessment sessions within groups, that was significantly expressed across each data set as determined by
permutation testing. The statistical image plots (B) present the bootstrap ratio maps over all channel pairs (rows) and frequencies (columns). The
orange and purple pixels display where the contrast represented by the bar graphs was most reliable across participants as determined by
bootstrapping. Positive values (purple) indicate increased WPLI in responders, and decreased WPLI in non-responders from 1 to 12 weeks of
treatment, while negative values (orange) indicate decreased WPLI in responders and increased WPLI in non-responders from weeks 1 to 12. To aid
interpretability, the most prominent increases in WPLI are highlighted by red boxes, while decreases in WPLI are outlined by blue boxes. As
highlighted by these boxes, non-responders showed an increase in alpha and a decrease in beta connectivity from week 1 to week 12 of treatment,

while responders showed the opposite pattern.

younger than non-responders, the two groups did not differ
statistically in clinical and demographic characteristics (Table 1).
We accounted for the age difference by regressing age effects out of
our data before running the statistical tests at the group level.

3.2 Group analyses - WPLI

The PLS-SVD analysis including both groups and all sessions
identified one significant LV (p <.001, PCCE = 35.07%). As this LV
presented an interaction effect between groups and sessions, two
additional analyses for each group separately were run, with the
statistical significance threshold corrected to o <.025. These
analyses revealed a complex, opposite pattern of change from
weeks 1 to 12 in responders (p=.024, PCCE=55.8%), but only

Frontiers in Psychiatry

approached significance in non-responders after Bonferroni
correction (p = .032, PCCE=56.6%; Figure 2). The most
prominent frequencies for each group are highlighted by red
boxes in Figure 2: Non-responders showed a widespread increase
in alpha connectivity from weeks 1 to 12 (10Hz), while responders
exhibited an extensive increase in beta connectivity (22Hz).
Considering the same frequencies in the opposite groups (e.g.
alpha in responders; highlighted by blue boxes) revealed more
spatially contained changes in the opposite direction: Responders
showed a decrease in connectivity at 10Hz, while non-responders
showed a decrease at 22Hz. In both groups, changes in alpha
connectivity were most pronounced at interhemispheric frontal-
to-occipito-parietal electrode pairs but involved.

additional electrode pairs in non-responders. The most
consistent beta changes occurred in left intra-hemispheric
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Topographical location of channel pairs showing the most consistent change in connectivity as measured by weighted phase lag index (WPLI) over
assessment sessions in non-responders (A, C) and responders (B, D) at 10Hz (A, B) and 22Hz (C, D). Positive values (purple) indicate increased WPLI
from 1 to 12 weeks of treatment, while negative values (orange) indicate decreased WPLI from weeks 1 to 12.

connections in both groups, but also included right central and
parietal channel pairs in responders (Figure 3).

The group PLS-SVD analyses performed on the averaged
single-epoch WPLI data showed a similar pattern of change in
connectivity in responder and non-responders (Supplementary
Material and Figure S5). However, the results spread over
multiple frequencies (e.g. from 8-14 Hz instead of dominantly at
10 Hz), which is unsurprising, considering the reduced spectral
resolution associated with sliding window approaches (34).

3.3 Group analyses - MSE

The PLS-SVD analysis examining changes in MSE over time in
responders and non-responders identified one significant LV
(p <.001, PCCE = 82.71%), which revealed an interaction effect.
The analyses exploring changes for each group separately each
found one significant LV (responders: p = .006, PCCE = 93.85%,
non-responders: p = .02, PCCE = 86.9%, significant at o <.025).
Both groups showed a decrease in coarse scale complexity from
baseline to 12 weeks, but the timing and extent of change differed.
Responders showed an early (starting at week 1) and widespread
decrease in coarse scale complexity, while non-responders showed a
later (only present at week 12) decrease in coarse scale complexity in
limited electrodes (Figures 4 & 5). Additionally, fine scale
complexity increased only in non-responders.
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3.4 Individual analyses - WPLI

The pattern of change across assessments identified by the
group PLS-SVD examining connectivity was similar regardless of
the approach used to calculate WPLI. Specifically, it consisted of a
change in connectivity from week 1 to week 12 in both non-
responders and responders (Figure 2; Supplementary Figure S5).
Therefore, we applied this contrast in the non-rotated single-
participant PLS-SVD analyses (Figure 1C). As the non-responder
and responder patterns only differed in the direction of change (i.e.,
increase or decrease in WPLI), only one contrast was defined for
each analysis (0 1 -1). This contrast examines changes in WPLI
from week 1 to week 12 but leaves the direction of change and at
which frequencies this occurs to be determined by the data. All non-
responders and 22/25 responders exhibited the predefined pattern
of change at an uncorrected significance level (all p <.05), of whom
33 (19R/14NR) survived Bonferroni correction (p <.001).

The similarity of the pattern of connectivity across channel
pairs and frequencies between the individual and group-level results
was examined in two ways (see section 2.10 and Figure 1D for
details). First, each individual’s connectivity pattern was correlated
with the connectivity pattern identified in the group analyses. This
procedure showed that 60.5% of individual patients exhibited
moderate-strong positive correlations (i.e., r = .4; 58) between
their individual and group outcomes. Another 9.3% showed weak
positive correlations (i.e., .1 < r < .4), while 14.0% revealed negative
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FIGURE 4

Results from the partial-least squares singular value decomposition (PLS-SVD) analyses examining change in complexity as measured by multiscale
entropy (MSE) over the course of antidepressant medication treatment in non-responders (left) and responders (right). Bar graphs (A) depict the
contrast between assessment sessions within groups, that was significantly expressed across each data set as determined by permutation testing.
The statistical image plots (B) present bootstrap ratio maps over all channels (rows) and time scales (columns). The colored values display where the
contrast represented by the bar graphs was most consistent across participants as determined by bootstrapping. Positive values (purple) indicate
decreased MSE, while negative values (orange) indicate increased MSE at week 12 compared to baseline and week 1 in non-responders, and at week
12 compared to baseline in responders.
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FIGURE 5

Topographical location of channels showing the most consistent change in complexity as measured by multiscale entropy (MSE) over assessment
sessions in non-responders (A) and responders (B) at a time scale of 32ms between data points. Negative values (orange) indicate decreased MSE at
week 12 compared to baseline and week 1 in non-responders, and decreased MSE at week 12 compared with baseline in responders. There was no
increase in MSE for any channel at this time scale.
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Proportion of participants that exhibited the same pattern as their own group exclusively, the pattern of the opposite group exclusively, both group
patterns or neither group pattern in their individual analysis of connectivity as measured by weighted phase lag index (WPLI; A) and complexity as
measured by multiscale entropy (MSE; B). Proportion of participants showing a strong/medium positive correlation (r>.4), a weak positive correlation
(1<r<.4), a negligible or lack of correlation (-.1<r<.1) or a negative correlation (r<-.1) between their individual outcome matrix and that of their own

group for WPLI (C) and MSE (D).

correlations between individual and group PLS outcomes. The
remaining 16.3% of patients’ individual analyses either correlated
negligibly (-.1 < r < .1) or did not reach significance and were
therefore not correlated (Figure 6).

Second, the main characteristics differentiating responders and
non-responders were defined and their presence in individual
results were visually inspected and rated by two independent,
blind raters. Following the direction of change found at 10Hz
(alpha) and 22Hz (beta) for the responder and non-responder
groups, individuals showing a pattern of a meaningful decrease in
alpha (~8-14Hz) and/or increase in beta (~18-30Hz) WPLI from
week I to 12 were considered to fit the responder pattern, while
patients showing a pattern of a meaningful increase in alpha and/or
decrease in beta WPLI from week 1 to 12 were considered to fit the
non-responder pattern. Two authors (K.C. and G.W.) examined
each individual outcome pattern and independently decided
whether they conformed to the outlined definitions. Inter-rater
reliability was quantified using Cohen’s Kappa: k=0.76 for rating
whether patients fit the responder pattern, and x=0.57 for rating
whether patients fit the non-responder pattern. Raters discussed
discrepancies until consensus, which indicated that 39.5% of
patients fit the pattern of their own group exclusively, 34.9% fit
both patterns, 14.0% only showed the pattern of the opposite
groups, and the remaining 11.6% did not conform to either
pattern (7% did not reach significance).

Table 2 shows the characteristics of patients who were rated as
fitting their own WPLI pattern exclusively versus the other
categories. Aside from individual responders who conformed to
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the responder group pattern showing higher correlations with their
own WPLI group pattern compared to responders assigned to other
categories (p = .005, did not survive Holm’s sequential Bonferroni
test for multiple comparisons), there were no obvious clinical and
demographic differences between individuals in the different
responder and non-responder categories. We also illustrate the
correlations between individual WPLI patterns and the WPLI
pattern of participants’ own groups along the four categories in
Table 2, colour coded according to treatment regimen and sex in
Figure 7 (top row). No clear patterns of individual variation in
WPLI related to sex or treatment regimen emerged.

3.5 Individual analyses - MSE

Non-rotated PLS was performed for all participants with two
predefined contrasts: a linear contrast (1 0 -1) as the responder
pattern (change across the three time points, top of Figure 4) and 1
1 -2 as the non-responder pattern (no change from baseline to week
1, change from weeks 1 to 12, top of Figure 4). While all individual
analyses revealed significant results for both predefined LVs (all
p <.001), 16% of patients did not show the same pattern of change
over assessment sessions as defined in their own group contrast.

The similarity of the pattern of complexity across channels and
time scales between the individual and group-level results was
examined in two ways (see section 2.10 and Figure 1D for
details). First, each individual’s complexity pattern was correlated
with the complexity patterns identified in the group analyses. This
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TABLE 2 Demographic and clinical characteristics (means + standard error) of antidepressant treatment responders and non-responders divided
based on which individuals matched the group WPLI patterns.

Responders Non-responders
(N = 25) (N =18)
Responder Other Non-responder Other
pattern categories pattern only categories
only (N = 10) (N = 15) (N=7) (N = 11)
Sex (F/M) 4/6 10/5 4/3 5/6
Age 38.0 +3.7 325+25 40.3 + 4.6 47.6 + 3.3
(range: 23-57) (range: 19-46) (range: 20-57) (range: 28-63)
Education (years) 16.7 + 0.8* 14.5 + 0.6 15.1 £ 0.8 17.1 £ 0.9
Race/Ethnicity 1 Asian; 9 White 2 Asian; 13 White 7 White 1 African; 10 White
Comorbid anxiety (Yes/No) 0/10 3/12 0/7 2/9
Treatment regimen (ESC+BUP/BUP+placebo/ESC+placebo) 4/2/4 8/4/3 2/2/3 3/4/4
Baseline MADRS score 294+ 14 294 +13 33.1+£1.0 315+ 1.7
MADRS score at 1 week 239+28 22.6 £2.0 29.7 £2.6 26.7 +2.7
MADRS score at 12 weeks 51+15 6.7+ 13 254 +3.1 245+ 25
Correlation with own group WPLI pattern (>.4/<.4) 9/1* 6/9 3/4 3/8
Correlation with own group WPLI pattern 0.67 £ 0.09** 0.13 £ 0.15 0.51 £ 0.07 0.30 £ 0.09
Correlation with own group MSE pattern 0.44 + 0.16 0.26 + 0.12 0.40 + 0.15 0.40 + 0.18

Group differences were examined using independent samples t-tests and Fisher’s exact test in Excel. **Significant differences between groups at p <.05 (with Holm’s sequential Bonferroni test to
correct for multiple comparisons, as these were unplanned comparisons). *Group differences with p <.05 that did not survive the correction. F, female; M, male; ESC, escitalopram; BUP,
bupropion; MADRS, Montgomery-Asberg Depression Rating Scale; WPLL, weighted phase lag index; MSE, multiscale entropy.

procedure showed that 53.5% of individual outcome patterns
correlated positively with moderate-high strength (r > .4; 58) to
that of their groups. Another 9.3% showed a weak (.1 < r < .4)
positive correlation between their individual outcome and that of
their group. Of the remaining individuals” analyses, 11.6% yielded
negative correlations, while 25.6% either showed negligible
correlations (-.1 < r < .1) or did not show the predefined contrast
and were therefore not correlated with group patterns (Figure 6).

Second, the main characteristics differentiating responders and
non-responders were defined and their presence in individual
results were visually inspected and rated by two independent,
blind raters. Participants were characterized as fitting the
responder pattern if they showed a meaningful decrease in coarse
scale MSE from baseline to week 1 in their first LV, and
characterized as fitting the non-responder pattern if they
demonstrated no meaningful change in coarse scale MSE from
baseline to week 1, and any change in coarse scale MSE from week
1 to week 12 in their second LV. Again, two raters (K.C. and G.W.)
examined the significant patterns found in each individual analysis
and independently decided whether they conformed to these
definitions. Inter-rater reliability yielded k=0.91 for rating
whether patients fit the responder pattern, and x=0.96 for ratings
on whether patients fit the non-responder pattern. Based on
consensus, 46.5% of patients exclusively showed the pattern of
their own group, 25.6% fit both patterns, 14.0% exclusively showed
the opposite pattern, and 14.0% showed neither. Patients in this last
group, including 4 responders and 2 non-responders, showed an
early increase in coarse scale complexity instead.
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The characteristics of patients rated as conforming to their own
group pattern exclusively versus those who did not are presented in
Table 3. Again, the most notable difference was that responders
exclusively showing the responder pattern exhibited higher
correlations between their individual and group MSE patterns
compared to responders assigned to the other categories; this
comparison did not survive Holm’s sequential Bonferroni test to
correct for multiple comparisons (p = .006). The correlations
between individual MSE patterns and the MSE pattern of
participants’ own groups along the four categories in Table 3,
colour coded according to treatment regimen and sex are
presented in Figure 7 (bottom row). We observed no noticeable
patterns of individual variation in MSE related to treatment
regimen or sex.

4 Discussion

The current study identified group-based patterns of change in
EEG connectivity and complexity that differentiated responders and
non-responders. As a group, responders exhibited decreasing alpha
connectivity, increasing beta connectivity, and widespread
decreases in coarse scale complexity over the course of treatment.
Nonresponders showed an opposite pattern of connectivity, and
spatially limited decreases in coarse scale complexity. Single-
participant analyses revealed that these differentiating group
features only existed unambiguously in up to 61% of individuals.
Others showed the pattern of the opposite group, both group
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FIGURE 7

Correlation of individual WPLI (top row) and MSE (bottom row) patterns with participants’ own group patterns, grouped according to ratings based
on visual inspection and color coded according to sex (left column) and treatment regiment (right column). NR only = individual non-responders
whose patterns exclusively matched the non-responder group pattern; NR other = individual non-responders whose patterns either matched only
the responder pattern, both the responder and non-responder patterns, or neither pattern; R only = individual responders whose patterns exclusively
matched the responder group pattern; R other = individual responders whose patterns either matched only the non-responder group pattern, both
the responder and non-responder patterns, or neither pattern; ESC+BUP, dual therapy with escitalopram and buproprion; BUP, monotherapy with
buproprion; ESC, monotherapy with escitalopram. WPLI, weighted phase lag index; MSE, multiscale entropy.

patterns, or neither group pattern in their individual analysis.
Therefore, although group analyses were able to detect neural
characteristics of treatment success that apply to certain patients
at an individual level, a substantial proportion of individuals is
poorly represented.

For both EEG connectivity and complexity, our group findings
were in line with some previous findings, but not others, as is
generally the case in the depression literature. Namely, responders
showed a decrease in alpha connectivity over treatment, most
notably in left fronto-temporal and right occipito-parietal
electrode pairs, similar to Iseger and colleagues (9) and Lee and
colleagues (6). Contrarily, increased alpha connectivity has also
been observed in response to antidepressant pharmacotherapy (8).
Although others have also found weaker baseline connectivity in
delta and theta bands to be associated with better response (6), we
did not find pronounced group effects in these frequency ranges. In
line with the work of Olbrich and colleagues (8), we observed beta
connectivity increases with successful treatment in left central,
parietal and frontal areas. In line with yet others’ work (16), we
found that EEG complexity at lower temporal resolution (20-40ms)
decreased with treatment, and this was prominent only in
responders. This differs from findings highlighting a decrease in
complexity at high temporal resolutions instead (16, 17), and would
be worth examining in future studies.
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Together, these variable group-level findings and the substantial
individual variation found in our single-participant analyses provide
a possible explanation as to why reliable EEG characteristics
associated with antidepressant treatment response have not yet
emerged. Depending on the EEG characteristic and how it was
identified, 39-61% of our sample did not unambiguously show the
same outcomes as their group, and a similar level of variability was
observed in both responders and non-responders to treatment. These
findings are consistent with the idea that multiple response patterns
to antidepressant treatment exist (59). Taking alpha connectivity as
an example, recent work shows that alpha connectivity profiles may
differentially predict response to placebo versus antidepressant
pharmacotherapy (sertraline; 60), highlighting the possibility that
different alpha connectivity patterns may distinguish responders to
different types of interventions. The decrease in alpha connectivity in
treatment responders using group analyses in this and previous
studies might thus only represent one of several response profiles
that exist in patients with MD. Similarly, the variable findings in beta
connectivity in our individual analyses suggest changes in beta
connectivity are not consistent across all patients and might
therefore explain the variable findings in previous literature on this
frequency range.

The responder group pattern we report here involved a decrease
in alpha connectivity and coarse scale complexity, and an increase in

frontiersin.org


https://doi.org/10.3389/fpsyt.2024.1358018
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

van der Wijk et al.

10.3389/fpsyt.2024.1358018

TABLE 3 Demographic and clinical characteristics (means + standard error) of antidepressant treatment responders and non-responders divided
based on which individuals matched the group MSE patterns.

Responders Non-responders
(N = 25) (N =18)
Responder Other Non-responder Other
pattern only categories pattern only categories
(N = 12) (N = 13) (N =8) (N = 10)
Sex (F/M) 5/7 9/4 3/5 6/4
Age 30.6 +3.2 385+24 46.5 + 4.0 434+ 39
(range: 21-46) (range: 19-57) (range: 33-63) (range: 20-57)
Education (years) 15.8 £ 0.5 15.0 £ 0.8 16.0 £ 0.9 16.6 £ 0.9
Race/Ethnicity 1 Asian; 11 White 2 Asian; 11 White 1 African; 7 White 10 White
Comorbid anxiety (Yes/No) 1/11 2/13 1/7 1/9
Treatment regimen (ESC+BUP/BUP+placebo/ESC+placebo) 712/3 5/4/4 0/4/4 5/2/3
Baseline MADRS score 288+ 1.4 299+ 1.3 320+ 1.5 323+ 1.7
MADRS score at 1 week 203 +£25 258 +19 275+24 282+29
MADRS score at 12 weeks 44+ 1.1 75+ 15 245+ 24 252 %29
Correlation with own group MSE pattern (>.4/<.4) 9/3* 3/10 6/2 4/6
Correlation with own group MSE pattern 0.59 + 0.10* 0.10 + 0.13 0.51 +0.23 0.32 +0.12
Correlation with own group WPLI pattern 0.44 + 0.15 0.26 + 0.16 0.25 +0.12 0.48 + 0.07

Group differences were examined using independent samples t-tests and Fisher’s exact test in Excel. * Group differences with p <.05 that did not survive the Holm’s sequential Bonferroni
correction for multiple comparisons. F, female; M, male; ESC, escitalopram; BUP, bupropion; MADRS, Montgomery—f\sberg Depression Rating Scale; MSE, multiscale entropy; WPLI, weighted

phase lag index.

beta connectivity. Although increased alpha connectivity in patients
with MD compared to controls has been interpreted in varying ways
(9, 61), the decrease in alpha connectivity with successful treatment
reported here supports the notion that this feature plays a key role in
MD pathology and its treatment. The importance of this frequency
band is further highlighted by frequent findings of altered alpha
power and hemispheric asymmetry (e.g., 62, 63). Given that intra-
hemispheric anterior-posterior beta connectivity has been associated
with emotion regulation in neurotypical populations (64), increased
beta over successful treatment could reflect increased top-down
control over altered emotional processing in MD in response to
treatment (65). Increased overall EEG complexity in MD has been
linked to recruiting more neural resources when performing an
emotion processing task than controls (13). Generally, increased
signal complexity has been associated with a greater number of
simultaneously activated systems (66). As MD has been associated
with reduced ability to suppress default mode network activation and
greater interconnectedness between affective and other information
processing systems (67, 68), the decrease in complexity over
successful treatment found here might indicate decreased
dominance and interference by emotional processing circuits.
While our findings are in keeping with multiple response
patterns existing within the population of patients with MD, they
do not provide proof of this, as we only tested whether the patterns
appearing at the group level were also present in individual patients.
Indeed, our approach is markedly different from other studies
aiming to address applicability of neuroimaging to individual
patients. For example, clustering approaches aim to divide
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patients into functionally relevant MD subcategories, and
machine learning methods aim to identify features that predict
individual treatment outcomes. Although encouraging work has
emerged (69-71), subtyping research has had limited success so far
(59), and these studies are far from perfect: Most existing research
relies on study samples that are too small and homogeneous to
provide reliable results for clustering or machine learning
approaches (72, 73). Additionally, findings from a recent machine
learning study using a large multi-site dataset (N=1188) were not
replicated, highlighting methodological challenges in analyzing
high dimensional datasets using such approaches (59, 74, 75).
Thus, examining the brain characteristics associated with
antidepressant treatment response likely warrants the use of
multiple, complementary approaches. We propose that the use of
single-participant analyses could help advance this field by
determining the degree of individual variation and capturing the
range of patterns present at the individual level.

In the field of neuroimaging, select studies have already shown
that stable individual-specific fMRI characteristics are associated
with cognitive functioning and clinical symptoms (76-78). A recent
preprint further indicates that individual characteristics of the
salience network can be related to the development, presence and
fluctuation of MD symptoms (79). Research on the use of EEG as a
biometric to identify individuals suggests that similar stable
individual-specific EEG characteristics exist (e.g., 80, 81). While
we are unaware of studies examining individual EEG features in
relation to cognition or mental health, it could be interesting to
explore the range of individual patterns and their relation to MD
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symptoms and progression over time to see if they yield similar
potential for clinical utility.

4.1 Limitations & future directions

Despite the novelty of the presented work, certain limitations
exist. First, we grouped patients receiving different treatment
regimens (i.e. escitalopram, bupropion or both) to ensure sufficient
statistical power for our main analyses. Similarly, as the clinical trial
was designed to compare different treatment arms, we were not able
to differentiate between treatment and placebo effects, a noteworthy
future direction. Our sample was also largely White, and from
WEIRD (Western, Educated, Industrialized, Rich and Democratic;
82) societies, and thus findings cannot be generalized outside of such
populations. While our sample was fairly balanced in terms of sex,
we were also unable to test for sex differences due to power issues. In
addition, our sample included patients with different MD symptom
subtypes (e.g. melancholic, atypical) and several patients had
comorbid anxiety disorders (given the high co-occurrence of
anxiety in depressed individuals these individuals were not
excluded). Although this heterogeneity in the sample complicates
statistical analyses, it does give an accurate representation of the
population seeking treatment for MD. At the same time, the
treatment provided was not representative of what people with
comorbid conditions may receive in clinical practice, as
participants were not allowed to take psychotropic medications
outside of those prescribed for the study. While heterogeneity may
also have contributed to the individual variation we found in the
individual analyses, we did not find any indication that individual
variation in EEG connectivity and complexity patterns could simply
be explained by differences in treatment regimen, sex, clinical profiles
or other clinical and demographic characteristics (see Tables 2, 3;
Figure 7). That being said, future studies with larger samples should
be conducted to explore the influence of heterogeneity of treatment
and patient characteristics in more detail. They might also collect
data during more narrow time windows during the day, or control
for sleepiness/drowsiness in other ways (e.g., as a covariate in the
analyses), which we were unable to do here. Similarly, it could be
relevant to include more follow-up measurements across longer time
periods, other types of individual information (e.g., neuroimaging)
and outcome metrics (e.g., functional measures) in such studies, as
well as explore alternative analysis methods (e.g., classification
methods using Bayesian or machine learning approaches).

In addition, there are numerous ways to quantify similarity
between individual and group patterns. The correlation procedure
was objective, but also led to arbitrary limits for categorizing who
did and did not match the group patterns (i.e. r >.4). The
independent ratings avoided setting such arbitrary limits. While
inter-rater reliability was high for ratings of MSE (x = 0.91-0.96),
there was less agreement for the ratings of WPLI (x = 0.57-0.76),
highlighting the subjectivity of this method. The lower inter-rater
reliability for WPLI was likely due to the larger number of elements
included in this analysis (378*99 compared to 28*20 for MSE), or
could reflect more variety in WPLI response patterns compared to
MSE patterns. Finally, we applied no correction for multiple
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comparisons in the individual analyses, as this would have made
it more difficult to find the group patterns in individuals. However,
lowering the significance threshold to o = .001 did not alter our
MSE findings, and only changed 16% of the individual WPLI
analyses (7 patients) from being significant to being insignificant.
Overall, both measures of similarity showed that there was
substantial individual variation in the connectivity and
complexity group patterns.

5 Conclusion

Most existing work involving neural characteristics of
antidepressant treatment success is based on responder/non-
responder group differences. We show that substantial individual
variation in EEG connectivity and complexity existed in a well-
characterized sample of patients receiving pharmacotherapy for MD.
Though speculative at this point, exploring the range of individual
patterns and their relations to MD symptoms and stages in depth
may lead to a better understanding of the heterogeneity in brain
signals in MD. This also provides an alternative approach to
identifying clinically relevant EEG features to group studies, which
to date have not yielded convincing results. Regardless, future
research should take individual variation into account when
developing and considering the utility of EEG characteristics in
informing clinical practice.

Data availability statement

All EEG data analyzed in this manuscript are available in raw
and preprocessed form on OSF (https://osf.io/fépw3/), together
with the data matrices that were prepared for the partial least
squares analyses. The clinical and demographic data cannot be
shared publicly because no ethics approval has been granted for
sharing this data. Permission to access these data can be requested
by contacting natalia.jaworska@theroyal.ca or njaworsk@
uottawa.ca directly.

Ethics statement

The studies involving humans were approved by Royal Ottawa
Health Care Group and University of Ottawa Research Ethics
Boards. The studies were conducted in accordance with the local
legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

Author contributions

GW: Writing - review & editing, Writing - original draft,
Visualization, Software, Methodology, Investigation, Formal
analysis, Conceptualization. YE: Methodology, Investigation,
Writing - review & editing, Formal analysis. KC: Writing -
review & editing, Methodology, Investigation, Formal analysis.

frontiersin.org


https://osf.io/f6pw3/
https://doi.org/10.3389/fpsyt.2024.1358018
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

van der Wijk et al.

MS: Writing - review & editing, Methodology, Investigation,
Formal analysis. PB: Writing - review & editing, Funding
acquisition, Data curation. VK: Writing - review & editing,
Funding acquisition, Data curation. NJ: Writing - review &
editing, Project administration, Funding acquisition, Data
curation, Conceptualization. AP: Writing - review & editing,
Supervision, Resources, Methodology, Investigation, Funding
acquisition, Conceptualization.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. Patients in
this study were recruited from an NIH-funded clinical trial
(5SR0IMHO077285). We acknowledge support to GW in the form
of a Mamdani Family Foundation Graduate Scholarship and
Alberta Graduate Excellence Scholarship (AGES - International),
and NJ and AP from the Natural Sciences and Engineering Council
of Canada (NSERC; RGPIN-2018-06869 and RGPIN-2020-
05299 respectively).

Acknowledgments

We would like to thank Drs. Claude Blondeau, Pierre Tessier
and Sandhaya Norris for their help with clinical assessments
and diagnoses.

References

1. Iwabuchi SJ, Krishnadas R, Li C, Auer DP, Radua J, Palaniyappan L. Localized
connectivity in depression: A meta-analysis of resting state functional imaging studies.
Neurosci Biobehav Rev. (2015) 51:77-86. doi: 10.1016/j.neubiorev.2015.01.006

2. Smart OL, Tiruvadi VR, Mayberg HS. Multimodal approaches to define network
oscillations in depression. Biol Psychiatry. (2015) 77:1061-70. doi: 10.1016/
j.biopsych.2015.01.002

3. Rush AJ, Trivedi MH, Wisniewski SR, Nierenberg AA, Stewart JW, Warden D,
et al. Acute and longer-term outcomes in depressed outpatients requiring one or several
treatment steps: A STAR*D report. Am ] Psychiatry. (2006) 163:1905-17. doi: 10.1176/
ajp.2006.163.11.1905

4. Leuchter AF, Cook IA, Hamilton SP, Narr KL, Toga A, Hunter AM, et al.
Biomarkers to predict antidepressant response. Curr Psychiatry Rep. (2010) 12:553-62.
doi: 10.1007/s11920-010-0160-4

5. Calhoun VD, Lawrie SM, Mourao-Miranda J, Stephan KE. Prediction of
individual differences from neuroimaging data. Neuroimage. (2017) 145:135-6.
doi: 10.1016/j.neuroimage.2016.12.012

6. Lee T-W, Wu Y-T, Yu YW-Y, Chen M-C, Chen T-J. The implication of functional
connectivity strength in predicting treatment response of major depressive disorder: A
resting EEG study. Psychiatry Research: Neuroimaging. (2011) 194:372-7. doi: 10.1016/
j.pscychresns.2011.02.009

7. Khodayari-Rostamabad A, Reilly JP, Hasey GM, de Bruin H, MacCrimmon DJ. A
machine learning approach using EEG data to predict response to SSRI treatment for
major depressive disorder. Clin Neurophysiol. (2013) 124:1975-85. doi: 10.1016/
j.clinph.2013.04.010

8. Olbrich S, Trinkner A, Chittka T, Hegerl U, Schonknecht P. Functional
connectivity in major depression: Increased phase synchronization between frontal
cortical EEG-source estimates. Psychiatry Research: Neuroimaging. (2014) 222:91-9.
doi: 10.1016/j.pscychresns.2014.02.010

9. Iseger TA, Korgaonkar MS, Kenemans JL, Grieve SM, Baeken C, Fitzgerald PB,
et al. EEG connectivity between the subgenual anterior cingulate and prefrontal cortices
in response to antidepressant medication. Eur Neuropsychopharmacol. (2017) 27:301-
12. doi: 10.1016/j.euroneuro.2017.02.002

Frontiers in Psychiatry

16

10.3389/fpsyt.2024.1358018

Conflict of interest

PB received honoraria for lectures and/or participation in
advisory boards for Allergan, Janssen, Lundbeck, Otsuka, Pfizer,
Pierre Fabre Médicaments, Sunovion and Takeda. He has provided
expert testimony on behalf of Bristol Myers Squibb and Otsuka.
These industries had no influence on the work presented herein.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpsyt.2024.1358018/
full#supplementary-material

10. Garrett DD, Samanez-Larkin GR, MacDonald SW, Lindenberger U, Mclntosh
AR, Grady CL. Moment-to-moment brain signal variability: A next frontier in human
brain mapping? Neurosci Biobehav Rev. (2013) 37:610-24. doi: 10.1016/
j.neubiorev.2013.02.015

11. Costa M, Goldberger AL, Peng C-K. Multiscale entropy analysis of biological
signals. Phys Rev E. (2005) 71:021906. doi: 10.1103/PhysRevE.71.021906

12. LiY, Tong S, Liu D, Gai Y, Wang X, Wang J, et al. Abnormal EEG complexity in
patients with schizophrenia and depression. Clin Neurophysiol. (2008) 119:1232-41.
doi: 10.1016/j.clinph.2008.01.104

13. Wei L, Li Y, Ye ], Yang X, Wang J. Emotion-induced higher wavelet entropy in
the EEG with depression during a cognitive task, in: 2009 Annual International
Conference of the IEEE Engineering in Medicine and Biology Society. Minneapolis,
MN, USA: IEEE (2009) 5018-21.

14. Ahmadlou M, Adeli H, Adeli A. Fractality analysis of frontal brain in major
depressive disorder. Int J Psychophysiol. (2012) 85:206-11. doi: 10.1016/
j-ijpsycho.2012.05.001

15. Akar SA, Kara S, Agambayev S, Bilgic V. Nonlinear analysis of EEG in major
depression with fractal dimensions. Conf Proc IEEE Eng Med Biol Soc. (2015), 2015
7410-3. doi: 10.1109/EMBC.2015.7320104

16. Thomasson N, Pezard L, Allilaire J-F, Renault B, Martinerie J. Nonlinear EEG
changes associated with clinical improvement in depressed patients. Nonlinear
Dynamics Psychology Life Sci. (2000) 4:203-18. doi: 10.1023/A:1009580427443

17. Méndez MA, Zuluaga P, Hornero R, Gomez C, Escudero J, Rodriguez-Palancas
A, et al. Complexity analysis of spontaneous brain activity: Effects of depression and
antidepressant treatment. J Psychopharmacol. (2012) 26:636-43. doi: 10.1177/
0269881111408966

18. Cukic M, Stokic M, Radenkovic S, Ljubisavljevic M, Simic S, Savic D. Nonlinear
analysis of EEG complexity in episode and remission phase of recurrent depression. Int
J Methods Psychiatr Res. (2020) 29:e1816. doi: 10.1002/mpr.1816

19. Jaworska N, Wang H, Smith DM, Blier P, Knott V, Protzner AB. Pre-treatment
EEG signal variability is associated with treatment success in depression. NeuroImage:
Clin. (2018) 17:368-77. doi: 10.1016/j.nicl.2017.10.035

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpsyt.2024.1358018/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpsyt.2024.1358018/full#supplementary-material
https://doi.org/10.1016/j.neubiorev.2015.01.006
https://doi.org/10.1016/j.biopsych.2015.01.002
https://doi.org/10.1016/j.biopsych.2015.01.002
https://doi.org/10.1176/ajp.2006.163.11.1905
https://doi.org/10.1176/ajp.2006.163.11.1905
https://doi.org/10.1007/s11920-010-0160-4
https://doi.org/10.1016/j.neuroimage.2016.12.012
https://doi.org/10.1016/j.pscychresns.2011.02.009
https://doi.org/10.1016/j.pscychresns.2011.02.009
https://doi.org/10.1016/j.clinph.2013.04.010
https://doi.org/10.1016/j.clinph.2013.04.010
https://doi.org/10.1016/j.pscychresns.2014.02.010
https://doi.org/10.1016/j.euroneuro.2017.02.002
https://doi.org/10.1016/j.neubiorev.2013.02.015
https://doi.org/10.1016/j.neubiorev.2013.02.015
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1016/j.clinph.2008.01.104
https://doi.org/10.1016/j.ijpsycho.2012.05.001
https://doi.org/10.1016/j.ijpsycho.2012.05.001
https://doi.org/10.1109/EMBC.2015.7320104
https://doi.org/10.1023/A:1009580427443
https://doi.org/10.1177/0269881111408966
https://doi.org/10.1177/0269881111408966
https://doi.org/10.1002/mpr.1816
https://doi.org/10.1016/j.nicl.2017.10.035
https://doi.org/10.3389/fpsyt.2024.1358018
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

van der Wijk et al.

20. Goldberg D. The heterogeneity of “major depression.” World Psychiatry. (2011)
10:226. doi: 10.1002/j.2051-5545.2011.tb00061.x

21. Kessler R, Van Loo H, Wardenaar K, Bossarte R, Brenner L, Ebert D, et al. Using
patient self-reports to study heterogeneity of treatment effects in major depressive
disorder. Epidemiol Psychiatr Sci. (2017) 26:22-36. doi: 10.1017/S2045796016000020

22. Fried EI, Nesse RM. Depression is not a consistent syndrome: An investigation
of unique symptom patterns in the STAR*D study. J Affect Disord. (2015) 172:96-102.
doi: 10.1016/j.jad.2014.10.010

23. Witcomb GL, Bouman WP, Claes L, Brewin N, Crawford JR, Arcelus J. Levels of
depression in transgender people and its predictors: Results of a large matched control
study with transgender people accessing clinical services. J Affect Disord. (2018)
235:308-15. doi: 10.1016/j.jad.2018.02.051

24. Lynch CJ, Gunning FM, Liston C. Causes and consequences of
diagnostic heterogeneity in depression: paths to discovering novel biological
depression subtypes. Biol Psychiatry. (2020) 88:83-94. doi: 10.1016/
j-biopsych.2020.01.012

25. Wijk GVD, Zamyadi M, Bray S, Hassel S, Arnott SR, Frey BN, et al. Large
individual differences in functional connectivity in the context of major depression and
antidepressant pharmacotherapy. medRxiv. (2023) 2023-10. doi: 10.1101/
2023.10.17.23297087

26. Jaworska N, Blondeau C, Tessier P, Norris S, Fusee W, Blier P, et al. Examining
relations between alpha power as well as anterior cingulate cortex-localized theta
activity and response to single or dual antidepressant pharmacotherapies. J
Psychopharmacol. (2014) 28:587-95. doi: 10.1177/0269881114523862

27. dela Salle S, Jaworska N, Blier P, Smith D, Knott V. Using prefrontal and midline
right frontal EEG-derived theta cordance and depressive symptoms to predict the
differential response or remission to antidepressant treatment in major depressive
disorder. Psychiatry Research: Neuroimaging. (2020) 302:111109. doi: 10.1016/
j.pscychresns.2020.111109

28. Stewart JW, McGrath PJ, Blondeau C, Deliyannides DA, Hellerstein D, Norris S,
et al. Combination antidepressant therapy for major depressive disorder: Speed and
probability of remission. J Psychiatr Res. (2014) 52:7-14. doi: 10.1016/
j.jpsychires.2013.12.001

29. First MB, Spitzer RL, Gibbon M, Williams JB. Structured clinical interview for
DSM-IV-TR Axis I disorders: Patient edition. New York, USA: Biometrics Research
Department, Columbia University New York, NY (2005).

30. Blier P, Ward HE, Tremblay P, Laberge L, Hébert C, Bergeron R. Combination of
antidepressant medications from treatment initiation for major depressive disorder: A
double-blind randomized study. Am ] Psychiatry. (2010) 167:281-8. doi: 10.1176/
appi.ajp.2009.09020186

31. Montgomery SA, Asberg M. A new depression scale designed to be sensitive to
change. Br ] Psychiatry. (1979) 134:382-9. doi: 10.1192/bjp.134.4.382

32. D’Avanzato C, Zimmerman M. The diagnosis and assessment of mood
disorders. Oxford Handb Mood Disord. (2017), 95-108. doi: 10.1093/oxfordhb/
9780199973965.013.9

33. Faul F, Erdfelder E, Lang A-G, Buchner A. G*Power 3: A flexible statistical power
analysis program for the social, behavioral, and biomedical sciences. Behav Res
Methods. (2007) 39:175-91. doi: 10.3758/BF03193146

34. Cohen MX. Analyzing neural time series data: Theory and practice. Cambridge,
Massachusetts: MIT press (2014). doi: 10.7551/mitpress/9609.001.0001

35. Ip C-T, Ganz M, Ozenne B, Sluth LB, Gram M, Viardot G, et al. Pre-intervention
test-retest reliability of EEG and ERP over four recording intervals. Int J Psychophysiol.
(2018) 134:30-43. doi: 10.1016/j.ijpsycho.2018.09.007

36. Gudmundsson S, Runarsson TP, Sigurdsson S, Eiriksdottir G, Johnsen K.
Reliability of quantitative EEG features. Clin Neurophysiol. (2007) 118:2162-71.
doi: 10.1016/j.clinph.2007.06.018

37. Chatrian G, Lettich E, Nelson P. Ten percent electrode system for topographic
studies of spontaneous and evoked EEG activities. Am ] EEG Technol. (1985) 25:83-92.
doi: 10.1080/00029238.1985.11080163

38. Delorme A, Makeig S. EEGLAB: an open source toolbox for analysis of single-
trial EEG dynamics including independent component analysis. /| Neurosci Methods.
(2004) 134:9-21. doi: 10.1016/j.jneumeth.2003.10.009

39. Oostenveld R, Fries P, Maris E, Schoffelen J-M. FieldTrip: Open source software
for advanced analysis of MEG, EEG, and invasive electrophysiological data. Comput
Intell Neurosci. (2011) 2011:1-9. doi: 10.1155/2011/156869

40. Stam CJ, Nolte G, Daffertshofer A. Phase lag index: Assessment of functional
connectivity from multi channel EEG and MEG with diminished bias from common
sources. Hum Brain Mapp. (2007) 28:1178-93. doi: 10.1002/hbm.20346

41. Vinck M, Oostenveld R, Van Wingerden M, Battaglia F, Pennartz CM. An
improved index of phase-synchronization for electrophysiological data in the presence
of volume-conduction, noise and sample-size bias. Neuroimage. (2011) 55:1548-65.
doi: 10.1016/j.neuroimage.2011.01.055

42. Costa M, Goldberger AL, Peng CK. Multiscale entropy analysis of complex
physiologic time series. Phys Rev Lett. (2002) 89:68102. doi: 10.1103/PhysRevLett.89.
068102

43. McDonough IM, Nashiro K. Network complexity as a measure of information
processing across resting-state networks: Evidence from the Human Connectome
Project. Front Hum Neurosci. (2014) 8:409. doi: 10.3389/fnhum.2014.00409

Frontiers in Psychiatry

17

10.3389/fpsyt.2024.1358018

44, Heisz JJ, Vakorin V, Ross B, Levine B, McIntosh AR. A trade-off between local
and distributed information processing associated with remote episodic versus
semantic memory. ] Cogn Neurosci. (2014) 26:41-53. doi: 10.1162/jocn_a_00466

45. Richman JS, Moorman JR. Physiological time-series analysis using approximate
entropy and sample entropy. Am ] Physiology-Heart Circulatory Physiol. (2000) 278:
H2039-49. doi: 10.1152/ajpheart.2000.278.6.H2039

46. McIntosh AR, Kovacevic N, Lippe S, Garrett D, Grady C, Jirsa V. The
development of a noisy brain. Arch italiennes biologie. (2010) 148:323-37.
doi: 10.4449/aib.v148i3.1225

47. Smit DJ, Boersma M, Schnack HG, Micheloyannis S, Boomsma DI, Pol HEH,
et al. The brain matures with stronger functional connectivity and decreased
randomness of its network. PLoS One. (2012) 7(5):e36896. doi: 10.1371/
journal.pone.0036896

48. MclIntosh A, Vakorin V, Kovacevic N, Wang H, Diaconescu A, Protzner A.
Spatiotemporal dependency of age-related changes in brain signal variability. Cereb
Cortex. (2014) 24:1806-17. doi: 10.1093/cercor/bht030

49. Vysata O, Kukal J, Prochazka A, Pazdera L, Simko J, Valis M. Age-related
changes in EEG coherence. Neurologia i neurochirurgia polska. (2014) 48:35-8.
doi: 10.1016/j.pjnns.2013.09.001

50. Szostakiwskyj JM, Willatt SE, Cortese F, Protzner AB. The modulation of EEG
variability between internally-and externally-driven cognitive states varies with
maturation and task performance. PloS One. (2017) 12:e0181894. doi: 10.1371/
journal.pone.0181894

51. Wang H, Pexman PM, Turner G, Cortese F, Protzner AB. The relation between
Scrabble expertise and brain aging as measured with EEG brain signal variability.
Neurobiol Aging. (2018) 69:249-60. doi: 10.1016/j.neurobiolaging.2018.05.015

52. Barry RJ, Clarke AR, Johnstone S], Magee CA, Rushby JA. EEG differences
between eyes-closed and eyes-open resting conditions. Clin Neurophysiol. (2007)
118:2765-73. doi: 10.1016/j.clinph.2007.07.028

53. Tan B, Kong X, Yang P, Jin Z, Li L. The difference of brain functional
connectivity between eyes-closed and eyes-open using graph theoretical analysis.
Comput Math Methods Med. (2013) 2013:1-15. doi: 10.1155/2013/976365

54. Ibafiez-Molina AJ, Iglesias-Parro S, Soriano MF, Aznarte JI. Multiscale Lempel-
Ziv complexity for EEG measures. Clin Neurophysiol. (2015) 126:541-8. doi: 10.1016/
j4c1inph.2014407.0 12

55. Allen EA, Damaraju E, Eichele T, Wu L, Calhoun VD. EEG signatures of
dynamic functional network connectivity states. Brain Topogr. (2018) 31:101-16.
doi: 10.1007/s10548-017-0546-2

56. McIntosh A, Bookstein F, Haxby JV, Grady C. Spatial pattern analysis of
functional brain images using partial least squares. Neuroimage. (1996) 3:143-57.
doi: 10.1006/nimg.1996.0016

57. Mclntosh AR, Lobaugh NJ. Partial least squares analysis of neuroimaging data:
Applications and advances. Neuroimage. (2004) 23:5250-63. doi: 10.1016/
j-neuroimage.2004.07.020

58. Akoglu H. User’s guide to correlation coefficients. Turkish ] Emergency Med.
(2018) 18:91-3. doi: 10.1016/j.tjem.2018.08.001

59. Beijers L, Wardenaar KJ, van Loo HM, Schoevers RA. Data-driven biological
subtypes of depression: Systematic review of biological approaches to depression
subtyping. Mol Psychiatry. (2019) 24:888-900. doi: 10.1038/s41380-019-0385-5

60. Rolle CE, Fonzo GA, Wu W, Toll R, Jha MK, Cooper C, et al. Cortical
connectivity moderators of antidepressant vs placebo treatment response in major
depressive disorder: Secondary analysis of a randomized clinical trial. JAMA Psychiatry.
(2020) 77(4):397-408. doi: 10.1001/jamapsychiatry.2019.3867

61. Leuchter AF, Cook IA, Hunter AM, Cai C, Horvath S. Resting-state quantitative
electroencephalography reveals increased neurophysiologic connectivity in depression.
PLoS One. (2012) 7(2):¢32508. doi: 10.1371/journal.pone.0032508

62. Baskaran A, Milev R, McIntyre RS. The neurobiology of the EEG biomarker as a
predictor of treatment response in depression. Neuropharmacology. (2012) 63:507-13.
doi: 10.1016/j.neuropharm.2012.04.021

63. Mumtaz W, Malik AS, Yasin MAM, Xia L. Review on EEG and ERP predictive
biomarkers for major depressive disorder. Biomed Signal Process Control. (2015) 22:85-
98. doi: 10.1016/j.bspc.2015.07.003

64. Miskovic V, Schmidt LA. Cross-regional cortical synchronization during
affective image viewing. Brain Res. (2010) 1362:102-11. doi: 10.1016/j.brainres.2010.
09.102

65. Rive MM, van Rooijen G, Veltman DJ, Phillips ML, Schene AH, Ruhé HG.
Neural correlates of dysfunctional emotion regulation in major depressive disorder. A
systematic review of neuroimaging studies. Neurosci Biobehav Rev. (2013) 37:2529-53.
doi: 10.1016/j.neubiorev.2013.07.018

66. Tononi G, Edelman GM. Consciousness and complexity. Science. (1998)
282:1846-51. doi: 10.1126/science.282.5395.1846

67. Epstein J, Perez DL, Ervin K, Pan H, Kocsis JH, Butler T, et al. Failure to
segregate emotional processing from cognitive and sensorimotor processing in major
depression. Psychiatry Research: Neuroimaging. (2011) 193:144-50. doi: 10.1016/
j.pscychresns.2011.01.012

68. Anticevic A, Cole MW, Murray JD, Corlett PR, Wang X-J, Krystal JH. The role of
default network deactivation in cognition and disease. Trends Cogn Sci. (2012) 16:584—
92. doi: 10.1016/j.tics.2012.10.008

frontiersin.org


https://doi.org/10.1002/j.2051-5545.2011.tb00061.x
https://doi.org/10.1017/S2045796016000020
https://doi.org/10.1016/j.jad.2014.10.010
https://doi.org/10.1016/j.jad.2018.02.051
https://doi.org/10.1016/j.biopsych.2020.01.012
https://doi.org/10.1016/j.biopsych.2020.01.012
https://doi.org/10.1101/2023.10.17.23297087
https://doi.org/10.1101/2023.10.17.23297087
https://doi.org/10.1177/0269881114523862
https://doi.org/10.1016/j.pscychresns.2020.111109
https://doi.org/10.1016/j.pscychresns.2020.111109
https://doi.org/10.1016/j.jpsychires.2013.12.001
https://doi.org/10.1016/j.jpsychires.2013.12.001
https://doi.org/10.1176/appi.ajp.2009.09020186
https://doi.org/10.1176/appi.ajp.2009.09020186
https://doi.org/10.1192/bjp.134.4.382
https://doi.org/10.1093/oxfordhb/9780199973965.013.9
https://doi.org/10.1093/oxfordhb/9780199973965.013.9
https://doi.org/10.3758/BF03193146
https://doi.org/10.7551/mitpress/9609.001.0001
https://doi.org/10.1016/j.ijpsycho.2018.09.007
https://doi.org/10.1016/j.clinph.2007.06.018
https://doi.org/10.1080/00029238.1985.11080163
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1155/2011/156869
https://doi.org/10.1002/hbm.20346
https://doi.org/10.1016/j.neuroimage.2011.01.055
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.1103/PhysRevLett.89.068102
https://doi.org/10.3389/fnhum.2014.00409
https://doi.org/10.1162/jocn_a_00466
https://doi.org/10.1152/ajpheart.2000.278.6.H2039
https://doi.org/10.4449/aib.v148i3.1225
https://doi.org/10.1371/journal.pone.0036896
https://doi.org/10.1371/journal.pone.0036896
https://doi.org/10.1093/cercor/bht030
https://doi.org/10.1016/j.pjnns.2013.09.001
https://doi.org/10.1371/journal.pone.0181894
https://doi.org/10.1371/journal.pone.0181894
https://doi.org/10.1016/j.neurobiolaging.2018.05.015
https://doi.org/10.1016/j.clinph.2007.07.028
https://doi.org/10.1155/2013/976365
https://doi.org/10.1016/j.clinph.2014.07.012
https://doi.org/10.1016/j.clinph.2014.07.012
https://doi.org/10.1007/s10548-017-0546-2
https://doi.org/10.1006/nimg.1996.0016
https://doi.org/10.1016/j.neuroimage.2004.07.020
https://doi.org/10.1016/j.neuroimage.2004.07.020
https://doi.org/10.1016/j.tjem.2018.08.001
https://doi.org/10.1038/s41380-019-0385-5
https://doi.org/10.1001/jamapsychiatry.2019.3867
https://doi.org/10.1371/journal.pone.0032508
https://doi.org/10.1016/j.neuropharm.2012.04.021
https://doi.org/10.1016/j.bspc.2015.07.003
https://doi.org/10.1016/j.brainres.2010.09.102
https://doi.org/10.1016/j.brainres.2010.09.102
https://doi.org/10.1016/j.neubiorev.2013.07.018
https://doi.org/10.1126/science.282.5395.1846
https://doi.org/10.1016/j.pscychresns.2011.01.012
https://doi.org/10.1016/j.pscychresns.2011.01.012
https://doi.org/10.1016/j.tics.2012.10.008
https://doi.org/10.3389/fpsyt.2024.1358018
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

van der Wijk et al.

69. Iniesta R, Stahl D, McGuffin P. Machine learning, statistical learning and the
future of biological research in psychiatry. psychol Med. (2016) 46:2455-65.
doi: 10.1017/S0033291716001367

70. Tosifescu DV, Neborsky RJ, Valuck RJ. The use of the Psychiatric
Electroencephalography Evaluation Registry (PEER) to personalize
pharmacotherapy. Neuropsychiatr Dis Treat. (2016) 12:2131. doi: 10.2147/NDT

71. Wu W, Zhang Y, Jiang J, Lucas MV, Fonzo GA, Rolle CE, et al. An
electroencephalographic signature predicts antidepressant response in major
depression. Nat Biotechnol. (2020) 38(4): 439-47. doi: 10.1038/s41587-019-0397-3

72. Patel MJ, Khalaf A, Aizenstein HJ. Studying depression using imaging and
machine learning methods. NeuroImage: Clin. (2016) 10:115-23. doi: 10.1016/
j.nicl.2015.11.003

73. Kim Y-K, Na K-S. Application of machine learning classification for structural
brain MRI in mood disorders: Critical review from a clinical perspective. Prog
Neuropsychopharmacol Biol Psychiatry. (2018) 80:71-80. doi: 10.1016/j.pnpbp.2017.
06.024

74. Drysdale AT, Grosenick L, Downar ], Dunlop K, Mansouri F, Meng Y, et al.
Resting-state connectivity biomarkers define neurophysiological subtypes of
depression. Nat Med. (2017) 23:28. doi: 10.1038/nm.4246

75. Dinga R, Schmaal L, Penninx BWJH, van Tol MJ, Veltman DJ, van Velzen L,
et al. Evaluating the evidence for biotypes of depression: Methodological
replication and extension of. NeuroImage: Clin. (2019) 22:101796. doi: 10.1016/
j.nicl.2019.101796

Frontiers in Psychiatry

18

10.3389/fpsyt.2024.1358018

76. Finn ES, Shen X, Scheinost D, Rosenberg MD, Huang J, Chun MM, et al.
Functional connectome fingerprinting: Identifying individuals using patterns of brain
connectivity. Nat Neurosci. (2015) 18:1664-71. doi: 10.1038/nn.4135

77. Gordon EM, Scheibel RS, Zambrano-Vazquez L, Jia-Richards M, May GJ, Meyer
EC, et al. High-fidelity measures of whole-brain functional connectivity and white
matter integrity mediate relationships between traumatic brain injury and post-
traumatic stress disorder symptoms. ] Neurotrauma. (2018) 35:767-79. doi: 10.1089/
neu.2017.5428

78. Wang D, Li M, Wang M, Schoeppe F, Ren J, Chen H, et al. Individual-
specific functional connectivity markers track dimensional and categorical
features of psychotic illness. Mol Psychiatry. (2020) 25:2119-29. doi: 10.1038/s41380-
018-0276-1

79. Lynch Jr CJ, Elbau I, Ng T, Ayaz A, Zhu S, Manfredi N, et al. Expansion of a
frontostriatal salience network in individuals with depression. bioRxiv. (2023) 2023-08.
doi: 10.1101/2023.08.09.551651

80. Del Pozo-Banos M, Alonso JB, Ticay-Rivas JR, Travieso CM.
Electroencephalogram subject identification: A review. Expert Syst Appl. (2014)
41:6537-54. doi: 10.1016/j.eswa.2014.05.013

81. Jalaly Bidgoly A, Jalaly Bidgoly H, Arezoumand Z. A survey on methods and
challenges in EEG based authentication. Comput Secur. (2020) 93:101788. doi: 10.1016/
j.c0se.2020.101788

82. Henrich J, Heine SJ, Norenzayan A. Most people are not WEIRD. Nature. (2010)
466:29-9. doi: 10.1038/466029a

frontiersin.org


https://doi.org/10.1017/S0033291716001367
https://doi.org/10.2147/NDT
https://doi.org/10.1038/s41587-019-0397-3
https://doi.org/10.1016/j.nicl.2015.11.003
https://doi.org/10.1016/j.nicl.2015.11.003
https://doi.org/10.1016/j.pnpbp.2017.06.024
https://doi.org/10.1016/j.pnpbp.2017.06.024
https://doi.org/10.1038/nm.4246
https://doi.org/10.1016/j.nicl.2019.101796
https://doi.org/10.1016/j.nicl.2019.101796
https://doi.org/10.1038/nn.4135
https://doi.org/10.1089/neu.2017.5428
https://doi.org/10.1089/neu.2017.5428
https://doi.org/10.1038/s41380-018-0276-1
https://doi.org/10.1038/s41380-018-0276-1
https://doi.org/10.1101/2023.08.09.551651
https://doi.org/10.1016/j.eswa.2014.05.013
https://doi.org/10.1016/j.cose.2020.101788
https://doi.org/10.1016/j.cose.2020.101788
https://doi.org/10.1038/466029a
https://doi.org/10.3389/fpsyt.2024.1358018
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

	One size does not fit all: notable individual variation in brain activity correlates of antidepressant treatment response
	1 Introduction
	2 Methods
	2.1 Participants
	2.2 EEG data collection
	2.3 EEG preprocessing
	2.4 Connectivity analysis
	2.4.1 Across-epoch WPLI
	2.4.2 Single-epoch WPLI

	2.5 Brain signal complexity analysis
	2.6 Regression of age effects
	2.7 State contrasts
	2.8 Statistical analyses with PLS-SVD
	2.9 Group level analyses
	2.10 Single-participant analyses

	3 Results
	3.1 Participants
	3.2 Group analyses - WPLI
	3.3 Group analyses - MSE
	3.4 Individual analyses - WPLI
	3.5 Individual analyses - MSE

	4 Discussion
	4.1 Limitations &amp; future directions

	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


