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Abstract

Whether antagonistic brain states constitute a fundamental principle of human brain organization
has been debated over the past decade. Some argue that intrinsically anti-correlated brain networks
in resting-state functional connectivity are an artifact of preprocessing. Others argue that anti-
correlations are biologically meaningful predictors of how the brain will respond to different
stimuli. Here, we investigated the co-activation patterns across the whole brain in various tasks and
test whether brain regions demonstrate anti-correlated activity similar to those observed at rest. We
examined brain activity in 47 task contrasts from the Human Connectome Project (A= 680) and
found robust antagonistic interactions between networks. Regions of the default network exhibited
the highest degree of cortex-wide negative connectivity. The negative co-activation patterns across
tasks showed good correspondence to that derived from resting-state data processed with global
signal regression (GSR). Interestingly, GSR-processed resting-state data was a significantly better
predictor of task-induced modulation than data processed without GSR. Finally, in a cohort of 25
patients with depression, we found that task-based anti-correlations between the dorsolateral
prefrontal cortex (DLPFC) and subgenual anterior cingulate cortex were associated with clinical
efficacy of transcranial magnetic stimulation therapy targeting the DLPFC. Overall, our findings
indicate that anti-correlations are a biologically meaningful phenomenon and may reflect an
important principle of functional brain organization.

Keywords

Anti-correlations; Functional connectivity; Task fMRI; Global signal regression; Transcranial
magnetic stimulation

1. Introduction

Anti-correlations in functional activity among brain networks have been a subject of debate
for the last decade. In 2005, two reports introduced the concept of anti-correlated networks
as a fundamental principle of functional brain organization (Fox et al., 2005; Fransson,
2005). They showed, using resting-state functional Magnetic Resonance Imaging (fMRI),
that two large-scale brain networks, the default network (DN) and dorsal attention network
(DAN), exhibit a competitive interaction. This study underlined a dichotomy between these
two networks, whereby their spontaneous activity is anticorrelated, i.e. their activity moves
in opposite directions. Since then, anti-correlations among various networks have been
reported (Chai et al., 2012; Esposito et al., 2018; Fransson, 2005; Raichle, 2015). However,
in 2009, Murphy et al. (2009) demonstrated that global signal regression (GSR), an MRI
preprocessing step commonly used in resting-state fMRI studies, mathematically mandates
anti-correlations. This raised the possibility that the anti-correlations observed among
resting-state networks could be artifactual. This concern was partially mitigated by the
finding that anti-correlations between the DN and DAN could be detected even without GSR
(Chai et al., 2012). Recent studies further showed that anti-correlations may have a
meaningful neurobiological basis, as anti-correlations were predictive of depressive
symptom improvement following an intervention (Fox et al., 2014, 2012a; Weigand et al.,
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2018), and could be used to link spatially heterogeneous brain lesions to homogeneous
symptoms in different individuals (Boes et al., 2015; Fox, 2018). As an example, anti-
correlations between repetitive Transcranial Magnetic Stimulation (rTMS) sites in the
dorsolateral prefrontal cortex (DLPFC) and the subgenual anterior cingulate cortex (SJACC)
were associated with greater therapeutic efficacy in a cohort of patients with major
depressive disorder (Cash et al., 2019; Weigand et al., 2018), indicating that anti-correlations
may be important characteristics of functional brain organization that track with patients’
symptoms.

The global signal is defined as the time series of the average signal intensity across all
voxels within the brain (Zarahn et al., 1997). GSR is a preprocessing technique that
eliminates global signal fluctuations through a linear regression, and has a number of
advantages and disadvantages. In terms of advantages, GSR is efficacious in removing non-
neural signals, including motion artifacts, physiological noise (cardiac and respiratory
activity), and low-frequency scanner drift (Ciric et al., 2017; Liu et al., 2017; Parkes et al.,
2018; Power et al., 2017b; Yan et al., 2013). Likely as a result of this noise removal, GSR
has been shown to enhance the neuroanatomical specificity of positive correlations and the
detection of anticorrelations (Fox et al., 2009; Weissenbacher et al., 2009), and to increase
functional connectivity-behavior relationships (Li et al., 2019b).

On the other hand, a prominent disadvantage of GSR is that it exaggerates or creates
spurious anticorrelations. It does so (Yan et al., 2013) by zero-centering correlations for
every voxel across all brain voxels, which inherently creates anti-correlations as the mean is
centered around zero and correlations are distributed equally in the negative and positive
ranges (Fox et al., 2009; Murphy et al., 2009). GSR may also exacerbate motion artifacts in
short-range relative to long-range functional connections (Ciric et al., 2017; Parkes et al.,
2018), and was shown to only be effective in removing specific widespread signal
deflections, leaving others largely untouched (Aquino et al., 2020). GSR has the additional
detriment of removing at least some neural signal (Liu et al., 2017). Indeed, there is
evidence that there are neural origins to the global signal, as it is associated with
spontaneous fluctuations in the local field potential (Schélvinck et al., 2010), vigilance
(Wong et al., 2013), arousal (Chang et al., 2016; Liu et al., 2018), baseline brain metabolism
(Thompson et al., 2016), and time of day (Orban et al., 2020). Additionally, pharmacological
inactivation of the monkey basal forebrain, which is an important source of cholinergic and
non-cholinergic input to the cortex (Zaborszky et al., 2015), led to a large region-specific
suppression of global signal components (Turchi et al., 2018). A recent report has also
shown that individual differences in the topology of the global signal are associated with
various cognitive and behavioral measures (Li et al., 2019a). Therefore, while GSR is useful
in the removal of non-neural signals, it has clear disadvantages in its inherent bias towards
anti-correlations and in its partial removal of neural signal, some of which is individual-
specific and behaviorally relevant. Murphy and Fox (2017) have made progress towards a
consensus on the use of GSR, describing that it offers value as a way to enhance the
detection of brain-behavior relationships in some situations, but that care should be taken in
the interpretation of these anti-correlations.
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In the current study, we explored the opposing relationship among functional networks using
a variety of task conditions spanning different cognitive domains in a large sample from the
Human Connectome Project (HCP; /= 680 selected from the S900 release). We
concatenated task activation maps as if they were signals observed at different time points,
and then investigated whether two brain regions consistently show anti-correlated activity
across different tasks. Unlike in resting-state fMRI analysis, this task-based correlation
analysis bypassed the need to remove the global mean signal at each “time point”. To gain a
deeper understanding of how GSR biases the observation of anti-correlations in resting-state
data, we compared our task coactivation-based anti-correlations to the anti-correlations
observed in resting-state data preprocessed with and without GSR. We then explored the
number of negative functional connections across the whole brain and examined their spatial
distribution across brain states (task performance vs. resting-state) and across preprocessing
techniques (with and without GSR). Finally, we revisited the question of whether anti-
correlations are informative in a clinical context. We analyzed data from a previous report
(Weigand et al., 2018) and investigated whether both task coactivation-based and resting-
state anti-correlations can track with therapeutic efficacy of non-invasive brain stimulation in
a sample of 25 patients with medically-intractable depression.

Methods

Participants and data acquisition

Dataset |.—Dataset /. The primary cohort consisted of 680 participants (375 women; 305
men) from the Human Connectome Project (HCP) S900 release based on the following
inclusion criteria: 1) data of four resting-state fMRI sessions and seven task fMRI sessions
were available; 2) each resting-state fMRI session had 1200 time points; 3) mean relative
head displacement of each resting-state session was smaller than 0.15 mm (Shen et al.,
2017). Functional data were obtained using a gradient echo-planar pulse sequence with a
temporal resolution of 0.72 s and 2 mm isotropic spatial resolution. Structural T1-weighted
and T2-weighted images were acquired with 0.7 mm isotropic resolution and BO field
mapping was also acquired to aid in correcting EPI distortions. Written informed consent
was obtained from each participant in accordance with relevant guidelines and regulations
approved by the local institutional review board at Washington University in St. Louis (IRB
# 201,204,036). Detailed descriptions about the dataset have previously been reported
(Barch et al., 2013; Van Essen et al., 2013, 2012).

Dataset Il.—The second dataset included 25 patients with medication-resistant major
depressive disorder (17 women; 8 men) with a mean age of 54.8 years (SD = 9.9, range =
28-67 years of age), which was described in a previous study (Weigand et al., 2018). The
mean Beck Depression Inventory (BDI) score at baseline was 38.6 (SD = 9.3) and
significantly decreased to 21.2 (SD = 13.0) after the course of rTMS treatment ({24) =
10.05, p <0.0001). This cohort is described in more detail in Weigand et al. (2018) (see
Boston cohort). The 25 left DLPFC stimulation sites were identified individually at average
Montreal Neurological Institute (MNI) coordinates: x= —-33%7, y= 30£9, and z=50+9
using the 5-cm approach, and the rTMS sites used in the present study were created by
centering a 12 mm radius sphere at the coordinates of each stimulation site. To perform
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connectivity analyses using a surface coordinate system, we registered the 25 rTMS sites
from MNI space to fsaverage space using the RF-ANTS (Registration Fusion-Advanced
Normalization Tools) mapping method (Wu et al., 2018). Then, using the connectome
workbench command, we registered the rTMS sites from fsaverage to the fsSLR coordinate
system. Written informed consent was obtained from each participant in accordance with
relevant guidelines and regulations approved by the Beth Israel Deaconess Medical Center’s
Internal Review Board (Weigand et al. (2018).

HCP tasks

The task fMRI data included 47 unique (excluding the paired opposite contrasts) contrast
activation maps from seven cognitive domains, including working memory (WM), gambling
(Gambling), motor (Motor), language (Language), social cognition (Social), relational
processing (Relational), and emotional processing (Emotion), briefly described below. These
tasks are described in more detail in Barch et al. (2013).

Motor task.—Participants executed cued movements with their hand, foot, or tongue. In a
control condition, they fixated onto a crosshair in the middle of the screen.

Language task.—The language task was comprised of a Story and a Math condition. In
the story condition, participants listened to stories and had to indicate the topic of the story,
choosing between two responses. In the math condition, participants solved simple
mathematical problems (addition and subtraction) and indicated which of two answers was
correct.

Working memory task.—Participants were shown blocks of different stimuli (scenes,
faces, tools, or body parts) as well as blocks where they fixated on the screen. Participants
indicated whether the stimulus was the same as that shown two stimulus presentations prior
(2-back task), or whether it matched the immediately preceding stimulus (0-back task).

Gambling task.—Participants were shown a mystery card and guessed whether the
number on the card was smaller or larger than five. Money was used as an incentive for
correct guesses. The numbers on the cards were then revealed, but were first manipulated to
produce mostly correct guesses or mostly wrong guesses. This ensured approximately equal
proportions of correct and wrong answers, enabling all participants to receive the same
reward.

Relational processing task.—Participants were presented with one pair of objects at the
top of the screen and one pair of objects at the bottom of the screen. In an experimental
condition, participants decided on which attribute the top objects differed (shape or texture),
and whether the bottom pair of objects differed in the same fashion. In a control condition,
participants were presented a pair of objects at the top of the screen and a single object at the
bottom of the screen, and decided whether the bottom object matched either of the top
objects on a given attribute.

Social cognition task.—This task consisted in a theory of mind (ToM) task, where
participants viewed video clips of shapes that were interacting or moving in a random
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fashion. At the end of each video, participants indicated whether the objects had exhibited a
social-like interaction.

Emotion processing task.—Participants were shown a face at the top of the screen and
two faces at the bottom of the screen. Participants indicates which of the two bottom faces
matched the emotional expression of the top face. Faces displayed either fearful or angry
expressions. The control condition involved shapes instead of faces, and participants
indicated which of the bottom shapes matched the top shape.

The contrasts used for each task are presented in Table 1.

2.3. MRI data analysis

Dataset |.—Resting-state HCP data, preprocessed using the ICA-FIX denoising approach,
were downloaded from the HCP database (Glasser et al., 2016; Smith et al., 2013). As recent
studies have reported that multiple noise components still exist and undermine functional
connectivity-behavior relationships (Dubois et al., 2018; Siegel et al., 2017), we further
preprocessed the data to decrease noise using an in-house pipeline. It should be noted that
the original HCP preprocessing pipeline does not include GSR. In this study, we compared
analyses with and without GSR applied in the preprocessing stage. The in-house GSR
processing pipeline that we applied to the ICA-FIX-processed data included the following
steps: 1) demeaning and detrending; 2) regression of motion and motion derivatives; 3)
regression of the average cerebrospinal fluid signal, average white matter signal, and average
whole-brain signal; and 4) band-pass filtering between 0.01 and 0.08 Hz. The non-GSR
preprocessing pipeline was the same, except we omitted the average whole-brain signal from
the regression in Step 3. We note that the complete preprocessing pipeline included two
motion regressions: one as part of the HCP’s ICA-FIX pipeline (Glasser et al., 2016), and
the other as part of our in-house preprocessing pipeline, which is normally applied to raw
data (rather than data that was already preprocessed). We assessed whether the second
motion regression had an impact on the data (see Results section).

Task fMRI data were already preprocessed and analyzed by the HCP (Barch et al., 2013;
Woolrich et al., 2001), and did not involve GSR. Task activation maps with 4 mm Gaussian
smoothing were used and we did not perform any additional preprocessing on the task fMRI
data. To extract task activation values, we used beta values (task effect size) to estimate the
BOLD signal changes induced by different conditions and tasks (Glasser et al., 2016). For
all analyses, we used data resampled to the 32k_fs_LR surface space (Kong et al., 2019).

23.1. FMRI bold activity and functional connectivity: The schematic diagram of the
analyses and results are shown in Fig. S1. To investigate the co-activation patterns across the
whole brain in various tasks, we first concatenated the 47 task contrasts available from the
HCP. Specifically, we used 13 contrasts from the motor task, 3 contrasts from the language
task, 19 contrasts from the working memory task, 3 contrasts from the gambling task, 3
contrasts from the relational task, 3 contrasts from the social cognition task, and 3 contrasts
from the emotion task. Table 1 describes each specific contrast. The concatenated contrasts
in each participant were treated similar to a time series, where each contrast corresponded to
a single frame.
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To visually check activity with positively or negatively correlated fluctuations during task
performance, we plotted the 47 beta values for each vertex within three seeds: the posterior
cingulate cortex (PCC), middle temporal gyrus (MTG), and frontal eye field (FEF), and
averaged beta values across all vertices within each given seed region. To verify whether the
positive and negative correlations in task co-activation maps resemble those usually reported
for functional connectivity data in the resting-state literature, we generated a correlation map
(Pearson’s rcoefficient) between the PCC seed and every other cortical vertex using the
concatenated 47 beta values. We generated maps for a randomly chosen HCP participant and
for the HCP cohort as a whole, where individual correlation maps were averaged across all
participants. For the population maps, we converted the rcoefficients to zscores, at the
individual level, using Fisher’s ztransformation, then generated group-averaged zmaps,
which we then reconverted back to rto produce correlation maps. The schematic diagram of
this analysis is shown in Fig. S1A.

To further investigate whether brain regions demonstrate similar anti-correlated activity
during task performance and at rest, we examined co-activation patterns in the task fMRI
data and functional connectivity derived from the resting-state fMRI data. We examined 8
seed regions, including 4 seeds from the DN: the PCC, medial prefrontal cortex (mPFC),
posterior inferior parietal lobe (pIPL), and MTG, and 4 seeds from the DAN: middle
temporal region (area MT+), superior parietal lobule (SPL), FEF, and inferior frontal
junction (IFJ) (Fig. 2, top). These seeds were created by clustering the discrete patches in the
DN and DAN from the 17 canonical networks (Yeo et al., 2011). For the task data, we
calculated Pearson’s correlations between the 47 beta values of each seed region (beta values
were averaged across all vertices within that region) and those of every other vertex. For the
resting-state fMRI data (GSR and non-GSR preprocessed), we concatenated the time series
of all available sessions. For each seed region and participant, we averaged the times series
of the vertices within the seed, calculated Pearson’s correlations between the average time
series and that of each of the other cortical vertices. Next, we determined which of GSR or
non-GSR processed data yielded anti-correlation profiles that were more similar to task-
based profiles. To do so, we binarized the connectivity profile of each seed according to the
presence of anti-correlations. That is, positive correlations (0 < r< 1) were equated to 0, and
all anti-correlations (-1 < r <0) were equated to 1. We then calculated the Dice overlap of
the binarized anti-correlation profile of each seed between the Task and Rest-no GSR
conditions, and between the Task and Rest-GSR conditions, using the following formula:

. 2|x Ny
Dice =
]+ ¥

The Dice overlap indicates the extent of similarity between any two datasets. In this case, it
returns the proportion of vertices that show anti-correlations with the seed in the two
conditions being compared, within participants, over all anti-correlations present in the two
datasets. The Dice coefficients were then averaged across participants, for each seed. To
determine which resting-state data yielded anti-correlation profiles that were more similar to
the task-based ones, we compared the averaged Dice coefficients using a paired #test. The
schematic diagram of this analysis is shown in Fig. S1B.
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2.3.2. Degree of anti-correlations and similarity in anti-correlation profiles: To
examine anti-correlations across the whole brain, we calculated the connectivity profile for
each vertex, and investigated the degree of anti-correlations. Connectivity profile for each
vertex was defined as the Pearson’s correlations (co-activation for task fMRI and functional
connectivity for resting-state fMRI) between a given vertex and all other 1483 vertices
uniformly distributed on the 32k fs_LR surface (Kong et al., 2019). Specifically, the 1483
sparse vertex space was constructed by creating a sphere with 900 vertices (900 fs_LR
surface) via workbench command (“-surface-create-sphere”), after which each vertex on the
900 fs_LR surface was matched to the nearest vertex on the 32k fs_LR surface. The degree
of anti-correlations for each vertex was defined as the number of negative correlations in the
connectivity profile, which quantifies the extent to which an area is competing with other
areas in task or at rest. For each vertex, the degree of anti-correlations was averaged across
participants. We also normalized the degree of anti-correlations using min-max
normalization. We calculated these for all three conditions (Task, Rest-GSR, Rest-no GSR).
The schematic diagram of this analysis is shown in Fig. S1C.

We additionally sought to compare the anti-correlation profiles across conditions and brain
states at vertex-level on the whole brain. We first binarized the connectivity profile of each
vertex according to the presence of anti-correlations. We then calculated the Dice overlap of
the binarized anti-correlation profile of each vertex between the Task and Rest-no GSR
conditions, and between the Task and Rest-GSR conditions. The Dice coefficient for each
vertex was then averaged across participants and mapped onto the cortical surface. To
determine which resting-state anti-correlation map was closer to the task-based map, we
calculated the averaged Dice coefficient across the whole brain vertices for each participant,
and then compared the Dice coefficient using a paired #test. The schematic diagram of this
analysis is shown in Fig. S1D. We additionally calculated the Dice overlap between the
Rest-no GSR and Rest-GSR conditions, as well as the spatial correlation of their anti-
correlation degrees.

2.3.3. Effect of motion on anti-correlations. Because the data processed without GSR
likely contains more noise, we sought to determine whether motion is related to the
detection of anti-correlations, particularly in the no-GSR condition. We performed Pearson
correlations between motion and degree of anti-correlations in the Rest-no GSR and Rest-
GSR conditions. Then, we divided the HCP participants into three equal groups according to
their motion: low, medium, and high, and considered the lower- and higher-motion groups.
Within each group, we performed Pearson correlations between motion and normalized
degree of anti-correlations, and compared each condition with the Task condition to
determine similarity in anti-correlation profiles, using the Dice coefficient.

2.3.4. Relationship between anti-correlationsand rTM S clinical efficacy: rTMS is
used clinically for the treatment of depression. rTMS treatment targeting the left DLPFC can
affect remote brain regions that are connected to the DLPFC such as the sgACC (Fox et al.,
2012b; Paus et al., 1997; Siebner et al., 2009) and this remote influence may mediate its
antidepressant effect (Fox et al., 2012a, 2013; Weigand et al., 2018). Here, we re-analyzed
the data from a previous report (Weigand et al., 2018) in which it was shown that the
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strength of resting-state negative functional connectivity between rTMS DLPFC sites and
SgACC, as measured in healthy participants from the Brain Genomics Superstruct Project
dataset (Buckner et al., 2014), is related to the therapeutic efficacy of rTMS in a sample of
25 patients with depression. The new contribution we bring here is the calculation of
normative, population-based connectivity between the rTMS sites and the sgACC using all
47 task contrasts of the HCP dataset.

BDI scores were recorded for the 25 patients with treatment-resistant major depressive
disorder. Percent change in BDI scores from pre- to post-rTMS treatment were calculated.
To quantify the relationship between anti-correlations and rTMS clinical efficacy, we
calculated the population-level correlation coefficients between the sgACC and each of the
left DLPFC seed using resting-state fMRI data as well as task data from the HCP cohort. For
the resting-state data, we calculated functional connectivity between each of the 25 left
DLPFC sites and sgACC for each participant, then averaged the functional connectivity
across HCP participants. For the task data, we calculated co-activations between each of the
left DLPFC seeds and the sgACC based on the concatenated 47 task contrasts (Table 1), then
averaged co-activations across all HCP participants. Then, one-tailed Spearman correlations
were calculated between the population-level DLPFC-sgACC coactivation-based
connectivity and percent change in BDI scores. We repeated the same analysis using
baseline BDI scores as a covariate, since more severely depressed patients have more room
for symptom improvement, which is a factor that may bias the results. Results were deemed
statistically significant if p values were below 0.05.

2.4. Control analyses

Our in-house resting-state preprocessing pipeline includes motion regression, and therefore
applying it to ICA-FIX processed HCP data means that two motion regressions were
performed on the resting-state data. To assess whether the second motion regression
impacted the data, we generated functional connectivity maps in three randomly chosen
HCP participants, using the PCC as a seed, and compared the maps derived from data
processed with one or two motion regressions. This was done using GSR- and non-GSR-
processed data. We calculated the similarity in functional connectivity maps using Pearson
correlations.

Next, the WM (19 contrasts) and Motor (13 contrasts) task contrasts made up 68% of the 47
contrasts we used in our initial analysis. There is a possibility that the pattern of task anti-
correlations we detected was dominated by the ani-correlations exhibited within these two
tasks. To verify whether this was the case or not, we replicated the anti-correlation analysis,
this time removing the 32 contrasts from the WM and Motor tasks and only including the 15
remaining contrasts (Language, Gambling, Relational, Social, and Emotion contrasts; Table
1).

Third, as the DN exhibited the greatest degree of anti-correlations (see Fig. 3 B), we
performed another control analysis to investigate whether the pattern of anti-correlations we
detected was driven by connections in the DN. We recalculated the degree of anti-
correlations based on connections not included in the DN.
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2.5. Visualization

For the purpose of visualization, all imaging results were visualized using the Connectome
Workbench display tool provided by the HCP (https://www.humanconnectome.org/).

2.6. Data and code availability

The dataset HCP were publicly available through the NIH Human Connectome Project
(https://mww.humanconnectome.org/). MATLAB codes that support the findings of this
study are available from http://nmr.mgh.harvard.edu/bid/DownLoad.html.

3. Results

3.1. Individual seeds show anti-correlations with other brain regions during task
performance and during rest

For heuristic purposes, we plotted the 47 beta values of the PCC, MTG (from DN), and FEF
(from DAN) seeds to visually check for activity with correlated and opposite fluctuations
during task performance at the level of a single HCP individual chosen at random (Fig. 1 A).
The DN and DAN are usually found to be anti-correlated at rest (Esposito et al., 2018; Fox
et al., 2005; Fransson, 2005; Raichle, 2015), therefore we expected that the concatenated
beta values for these two sets of seeds (PCC vs. FEF) would show opposite fluctuations in
task fMRI activation, while the two DN seeds (PCC vs. MTG), because they are within the
same network, would show similar fluctuations in task fMRI activation. This is evident in
Fig. 1. The FEF’s fMRI activation generally runs opposite to the PCC’s (r= —0.67) while
the MTG’s is positively correlated with the PCC’s (r=0.73). The PCC-based co-activation
map (Fig. 1 B) reveals both positive correlations and anti-correlations with other vertices on
the cortical surface, whether at the individual level or at the group level, whereby the PCC
exhibits positive correlations with the MTG and anti-correlations with the FEF (as seen in
the concatenated task contrasts). Therefore, at first glance, the task coactivation-based results
generally match what is typically observed in the resting-state literature.

Next, we set out to investigate anti-correlations in three conditions reflecting different brain
states and preprocessing techniques: co-activation patterns during task fMRI (Task), resting-
state fMRI BOLD data with GSR applied during preprocessing (Rest-GSR), and resting-
state fMRI BOLD data without GSR (Rest-no GSR). We measured whole-brain correlations
in the HCP sample using the two sets of seeds from the DN (PCC, mPFC, pIPL, and MTG)
and DAN (area MT+, SPL, FEF, and IFJ). We found that anti-correlations are present for
every seed in all three conditions (Fig. 2 A), indicating that an antagonistic relation can be
observed between networks across various cognitive states. Different seeds of the DN show
variable anti-correlations with the DAN, demonstrating variability in the organization of
functional subsystems of the DN and DAN. The resting-state functional connectivity maps,
preprocessed without GSR, likewise demonstrate the presence of anti-correlations. As
expected, anti-correlations are enhanced in the GSR-preprocessed resting-state condition.
On the surface, anti-correlations appear most widely distributed and strongest in the Rest-
GSR condition, more sparse and weaker in the Rest-no GSR condition, and lie somewhere in
between in the Task condition. Overall, the PCC, mPFC, pIPL, and MTG are generally anti-
correlated with the DAN regions (MT+, SPL, FEF, and IFJ) and their correlations maps
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resemble inverted images of one another (for example, yellow regions in the PCC maps are
blue in the MT+ maps, and vice versa). Importantly, the spatial distribution of the anti-
correlations observed across aggregated task activations is more similar to that observed
during resting-state with GSR than during resting-state without GSR (Fig. 2 B, paired #test,
p<0.0001 for all seeds except for the SPL seed).

To assess whether the second motion regression in our complete resting-state preprocessing
pipeline impacted functional connectivity, we calculated the functional connectivity of the
PCC in three randomly chosen HCP participants, and generated functional connectivity
maps based on data preprocessed with and without the second motion regression, using the
GSR as well as the non-GSR pipelines. Fig. S2 shows that the functional connectivity maps
corresponding to data with one or two motion regressions are extremely similar, in both the
GSR- and non-GSR-processed data, for all three participants. In fact, the spatial correlation
was 7= 0.999 across participants, for both the GSR and non-GSR data. Thus, the second
motion regression did not impact the data.

3.2. The default network exhibits robust anti-correlations with many regions across
various tasks and during rest

Our second aim was to investigate the degree to which each vertex is anti-correlated with all
other vertices on the cortical surface. We calculated, for each vertex, the number of negative
correlations they exhibited and plotted these on cortical surface maps. Fig. 3 A shows the
absolute degree of anti-correlations to showcase the difference between all three conditions,
while Fig. 3 B shows the normalized degree, to facilitate the visualization of the distribution
of anti-correlations across the cortical surface. All vertices demonstrate anti-correlations
with other brain regions, suggesting that anti-correlations are a ubiquitous feature of brain
activity (Fig. 3 A). DN areas, including the dorsolateral prefrontal cortex, medial prefrontal
cortex, lateral temporal cortex, lateral parietal cortex, and the posterior midline (precuneus
and PCC), as well as limbic network regions, like the ventromedial prefrontal cortex and
medial temporal lobe, exhibit the greatest degree of anti-correlations (Fig. 3 B). This is true
for the anti-correlations observed across tasks, as well as during rest (Rest-no GSR, and
Rest-GSR conditions).

Because the WM and Motor task contrasts made up the majority of the contrasts (32/47), as
control analysis, we investigated the degree of anti-correlations in the remaining 15
contrasts. This was done to make sure that the pattern of anti-correlations we detected was
not driven by the co-activations in the WM and Motor tasks. Fig. S3 shows the degree of
anti-correlations using these 15 task contrasts. The distribution of anti-correlations is very
similar to that detected using all 47 contrasts (r= 0.78), indicating that the WM and Motor
tasks did not exert a disproportionate effect on the results. The anti-correlation distribution
therefore appears to be robust.

Many of the anti-correlations we detected are located in the DN. To verify that the
distribution of anti-correlations was not driven by seeds in the DN, we recalculated the
degree of anti-correlations solely based on seeds outside of the DN (Fig. S4A). The
distributions, with and without DN seeds, were found to be highly similar (r= 0.76; Fig.
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S4B), indicating that the DN seeds did not drive the finding. Thus, seeds inside and outside
of the DN show pronounced anti-correlations with DN regions.

Following this, we compared the anti-correlation profiles observed across the aggregated
tasks to those observed in i) the Rest-no GSR condition, and,; ii) the Rest-GSR condition, by
calculating the Dice coefficient of anti-correlations for each seed vertex, averaged across
participants (Fig. 3 C, left). Interestingly, regions with greater degrees of anti-correlations
(Fig. 3 B) display greater similarity between conditions (Fig. 3 C, left). The Dice
coefficients overall are significantly greater for the Rest-GSR (mean Dice value = 0.433)
condition than for the Rest-no GSR (mean Dice value = 0.370) condition (paired £test:
X679) = 36, p< 0.0001; Fig. 3 C, right), indicating that rs-fcMRI data processed with GSR
is a better predictor of task-induced modulation than rs-fcMRI processed without GSR. We
also directly compared the distribution of anti-correlation degrees between the Rest-no GSR
and Rest-GSR conditions, and found them to be highly similar (spatial correlation: r= 0.58;
see Fig. S5 for Dice coefficient map).

Because the data processed without GSR likely contained more noise in the signal, we
performed control analyses to investigate the relation between anti-correlations and head
motion. As expected, we found a significant relationship in the Rest-no GSR condition,
whereby greater motion is related to a smaller normalized degree of anti-correlations (7=
-0.13, p<0.001), while there is no such relationship in the Rest-GSR condition (r= —0.025,
p=0.52) (Fig. 4 A). We then considered two subgroups of participants: one with lower
motion (V= 220; average motion: 0.058 + 0.006 mm) and one with higher motion (N = 220;
average motion: 0.101 £+ 0.012) and again investigated the motion effect on anti-correlation
detection. In the low-motion group, although the impact of motion on anti-correlations is
insignificant for the Rest-no GSR condition (r= 0.054, p= 0.426), anti-correlation profiles
remain more similar between Task and Rest-GSR conditions than between Task and Rest-no
GSR conditions (paired #test: £219) = 19, p <0.0001) (Fig. 4 B, left). In the higher-motion
group, again there is no significant relationship between anti-correlation and head motion for
the Rest-no GSR (r=-0.006, p= 0.926) condition (Fig. 4 B, right) and the Task condition
also exhibits anti-correlation profiles more similar to Rest-GSR than to Rest-no GSR (paired
ttest: (219) = 22, p <0.0001). Thus, these results indicate that even when there is limited
head motion, anti-correlation profiles found during task-fMRI are still more similar to those
found in resting-state data processed with than without GSR.

3.3. Anti-correlations between networks can lead to meaningful clinical biomarkers

Using the rTMS dataset, we first replicated the findings in (Weigand et al., 2018) using
resting-state fMRI data and confirmed that the negative functional connectivity between the
rTMS sites and the sgACC tracked with treatment response, measured as percent change in
BDI scores (Rest-GSR: r=-0.42, p=0.019). Next, we investigated the same relationship,
this time using task-based co-activations to estimate rTMS site-sgACC anti-correlations,
which has never before been done using this dataset. Using correlations derived from the 47
task-based beta maps, we found that correlations between patients’ rTMS sites and the
SgACC significantly tracked with treatment efficacy (r= —-0.37, p=0.036; Fig. 5), indicating
that the stronger the DLPFC-sgACC anti-correlation, the better the rTMS clinical efficacy.
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As more severely depressed patients have more room for symptom improvement, we
conducted the same analysis while covarying with baseline BDI scores to mitigate it as a
confounding factor. The relationship between rTMS sites-sgACC co-activation and BDI
improvement remained significant (r= —0.44, p=0.016). These results from independent
imaging modalities suggest that anti-correlations between networks, regardless of brain
state, can lead to meaningful clinical biomarkers.

4. Discussion

In this study, we examined whether anti-correlated networks are a meaningful principle of
functional brain organization. We did this by investigating correlations based on co-
activation patterns across a variety of tasks. Such analysis is free of the mathematical
mandate that is inherent to GSR preprocessing in resting-state fMRI analysis. Our results
revealed the presence of non-artifactual anti-correlations in brain activity during task
performance. Moreover, anti-correlations seen in resting-state data processed with GSR are a
better predictor of how brain activity fluctuates across tasks compared to resting-state data
processed without GSR. We then retrospectively analyzed data from a previous report
(Weigand et al., 2018) and found that task-based anti-correlations track with rTMS treatment
efficacy in a cohort of patients with medication-resistant depression. Taken together, our
results point to a neurobiological role for anti-correlations in human functional brain
organization.

4.1. Anti-correlations are a fundamental principle of brain functional organization

In the current study, we investigated anti-correlations in task fMRI and resting-state fMRI
from the same cohort of healthy participants. Anti-correlated activations across various tasks
show similar spatial patterns as the anti-correlated functional connectivity commonly
observed in resting-state data. Using several landmark seeds from the DN and DAN, anti-
correlations were found across all seeds at the group level, regardless of brain states (task or
rest) or preprocessing techniques used (GSR or no-GSR). Critically, the absence of a
mathematical mandate for anti-correlations in task-based activity provides compelling
evidence that anti-correlations among brain regions are a real phenomenon and non-
artifactual.

Antagonistic relationships between brain networks, either during resting-state (i.e., anti-
correlated BOLD signals) or in a particular task, have been widely recognized in the past
(Barber et al., 2013; Chai et al., 2012; Esposito et al., 2018; Fransson, 2005; Hampson et al.,
2010; Raichle, 2015; Spreng et al., 2016). This competing relationship between networks
can be impaired in mental diseases (Sorg et al., 2007; Wang et al., 2007; Whitfield-Gabrieli
et al., 2009) and may correlate with different cognitive abilities (Kelly et al., 2008;
Thompson et al., 2013). Our observations in the current study add to this previous evidence
and suggest that the human brain is organized into temporally opposing networks that may
go beyond the competition between the DN and DAN.

Although a common observation in the imaging literature, the competing relationship
between networks has not been systematically investigated in the past for a few technical
reasons. First, the magnitude of negative correlations observed at rest, while significant, is
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often considerably weaker and less spatially coherent than regions with positive correlations.
Second, the inclusion of GSR in data processing makes it harder to interpret the observed
negative correlations. Third, in task fMRI, the activated and deactivated areas are dependent
on the task design and the opposing patterns may not easily repeat themselves in a different
task. The present study overcomes these technical obstacles to some extent by examining
brain activations across multiple tasks, and reveals robust opposing relationships between
networks. The competition between brain networks may be the large-scale manifestation of
balancing functional specialization (Passingham et al., 2002; Zeki, 1978) with functional
integration (Bressler, 1995; Friston, 2002; Mclntosh, 2000; Sporns, 2013; Tononi et al.,
1998; Varela et al., 2001) — interacting and opposing attributes that are necessary for normal
brain function.

4.2. The default network displays robust negative correlations with other brain regions

4.3.

Based on task-induced activity, we found that all vertices on the brain surface exhibit anti-
correlations with other brain regions, suggesting that anti-correlations are a ubiquitous
feature of brain activity (Fig. 3). Importantly, regions belonging to the DN and the limbic
networks exhibit a particularly high degree of anti-correlations (Fig. 3 A and B). This is true
even when discounting seed vertices from within the DN (Fig. S4). Although the DN was
initially thought to become deactivated during attention-demanding tasks as it consistently
demonstrated increased activity during rest relative to task conditions (hence the name
default network) (Raichle et al., 2001), it should be noted that DN activity appears to
actually have meaningful fluctuations across different tasks. In a recent study, Chen et al.
(2018) showed that regions generally regarded as being “task-negative” (e.g., DN regions,
although they are active during certain types of tasks, such as memory tasks) are active much
of the time (~46%) during task performance and that the reverse is true as well—that is,
supposedly “task-positive” regions are active during resting-state (~39% of the time). While
the majority of task performance is spent in a “task-positive” state, the fact that a large
portion of the time is also spent in a state akin to rest, mind wandering, or remembrance, and
vice versa, suggests that there are constant shifts or a cycling between supposed “task-
positive” networks and the DN, whether in a resting state or in a task processing state,
further antiquating the use of the terms “task-positive” and “task-negative”. The significant
involvement of the DN in this cycling of brain states may also explain the DN’s role as a
“hub” in brain functional connectivity (Buckner et al., 2009). Taken together, while the
antagonistic interactions are not limited to specific brain networks, cycling between various
networks and the DN, as reflected by anti-correlations, appears to be one of the most
prominent patterns in brain network dynamics.

Resting-state data processed with GSR is a better predictor of task-induced

modulation than data processed without GSR

Whether GSR should be included in resting-state fMRI data processing has been widely
debated in the past decade and the primary concern is that GSR would bias functional
connectivity towards negative correlations. In the present study, a particularly interesting
observation is that, at the whole brain level, the anti-correlation profiles observed in tasks is
more similar to that of GSR-preprocessed resting-state fMRI than to non-GSR preprocessed
resting-state fMRI (Fig. 3 C), even when the data are not obviously affected by head motion
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(Fig. 4). While our goal is not to advise for or against the use of GSR, this observation
suggests that, although GSR exaggerates anti-correlations, it is helpful in revealing
important characteristics of functional connectivity that may go undetected when GSR is not
applied. The difference in overall similarity is small (Fig. 3 C, right), and the GSR and no-
GSR anti-correlation distributions are highly similar, as evidenced by the Dice coefficient
map showing high overlap between the two conditions (Fig. S5). The variability in similarity
across the cortical surface (Fig. 3 C, left), however, implies that some regions are likely
more greatly affected than others. Bypassing GSR could diminish sensitivity to negative
interactions, a fundamental property of brain networks that was robustly detected in
activation/deactivation patterns across tasks, and could do so in a widespread manner or in a
region-specific manner. While GSR has its caveats (see Introduction), recent studies
demonstrate some clear advantages depending on the objective of the study. For example,
Power et al. (2017b) compared various combinations of denoising strategies. They showed
that GSR is the only denoising method that effectively removes global signals, including
artifactual signals and, crucially, global neural activity (Power et al., 2017b; although see
Aquino et al., 2020) which is proposed to be modulated mainly by respiration and/or
arousal/vigilance (falling asleep is related to slower and deeper breathing (Power et al.,
2017a, 2017b)). Therefore, GSR is particularly useful in studies that wish to control for
global neural activity (e.g., controlling for tiredness), but should be avoided in studies in
which the global neural signal is of interest, as for example in arousal or sleep studies
(Power et al., 2017a). We speculate that the removal of global neural signals related to
arousal or tiredness may explain why our GSR-preprocessed data reveals interactions that
are more similar to those observed in task fMRI, as performing tasks inside the scanner
helps keep participants awake and vigilant, while task-free fMRI is more conducive to sleep
or to a relaxed state. The greater similarity could also be due to the removal of respiratory-
related artifacts from the resting-state data. Although these effects were not removed from
the task fMRI data, one may suppose that task fMRI contrasts would be less prone to
respiratory effects as the act of contrasting two conditions may cancel out extraneous
factors, although this may be subject to task design (e.g., trial length, whether conditions are
interleaved, etc.).

4.4. Anti-correlations can lead to meaningful clinical biomarkers

In depression, the most common and efficacious neuromodulatory therapies are rTMS of the
left DLPFC and deep-brain stimulation (DBS) of the sgACC, both of which have a good
track record (Carpenter et al., 2012; Connolly et al., 2012; Fitzgerald et al., 2009; George et
al., 2010; Lozano et al., 2012; Mayberg et al., 2005; O’Reardon et al., 2007; Schlaepfer et
al., 2013; Weigand et al., 2018). Fox et al. (2014) have shown that these targets are
functionally connected and demonstrate anti-correlations, leading them to propose that
stimulation of these regions may act on the same disease-specific neural network. Especially
relevant to the current topic, the authors showed that a number of disorders benefit from the
stimulation of sites that display anti-correlations between one another (i.e. anti-correlated
network nodes), where excitatory stimulation of one site or inhibitory stimulation of the
other both lead to symptomatic improvement. Besides depression, stimulation of anti-
correlated sites lead to therapeutic effects in Parkinson’ disease, addiction, Alzheimer’s
disease, anorexia, gait dysfunction, and pain (see Fig. 2 in Fox et al. (2014)). Thus, anti-
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correlations are meaningful in that they can help identify stimulation sites that have the
potential of imparting beneficial effects in several neurologic and psychiatric disorders.

In our study, the meaningfulness of anti-correlations was further examined in a clinical
cohort of 25 patients with depression. We investigated whether task-based population-level
anti-correlations can predict clinical efficacy in patients who underwent rTMS. We found
that task-based anti-correlations between rTMS sites and bilateral sgACC significantly
predict rTMS therapeutic efficacy. Moreover, using resting-state fMRI data, we found that
the DLPFC-sgACC anti-correlation is a predictor regardless of which preprocessing
technique was used. While the investigation of the impact of GSR on the detection of
individual differences is a new endeavor and there is evidence for (Li et al., 2019b) and
against (Li et al., 2019a) the use of GSR in this context, we found associations of similar
strengths between anti-correlations and individual clinical efficacy with and without GSR.

In summary, we found that anti-correlations are a ubiquitous feature of human brain
networks and organization, that they are present all over cortex, regardless of brain state, and
that they are biologically meaningful and may be especially relevant in clinical contexts.

Limitations and future directions

There are several limitations of the study that are worth mentioning. First, tasks involve
biases in co-activation patterns that are related to task demands (for example, button presses
in response to visual stimuli would induce a co-activation between primary visual and
somatomotor areas). However, these biases were mitigated through the use of multiple tasks,
therefore these confounds may not affect anti-correlations. Second, we have used a limited
number of task contrasts to estimate the co-activation patterns between brain regions, and
the contrasts are not strictly independent from one another. As a result, the statistical
significance of the correlations and anti-correlations derived from task-activations may have
been overestimated. Nevertheless, in the current study, we mainly focused on the direction of
correlations (i.e., positive or negative correlations) rather than the significance of the
correlations per se. Third, we analyzed task and resting-state data from the HCP in order to
examine to what extent anti-correlations track with rTMS treatment response in a sample of
patients with depression. While these anti-correlations were not investigated at the level of
the clinical sample, the use of HCP as normative data confers the advantage of providing
robust population-level observations (Weigand et al., 2018). It is important to note that the
relationship between anti-correlations and clinical efficacy has been reproduced using
patient resting-state fMRI data (Fox et al., 2014, 2012a). We posit that future studies using
seeds identified at the individual level (Wang et al., 2015) may increase precision and the
detection of more robust effects.
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Anti-correlated activity between the DN (PCC) & DAN (FEF)

o
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‘0“ ‘O ‘ (47 task contrasts)

PCC-based task co-activation at the individual level

Fig. 1. Anti-correlations are present during task performance.
(A) Forty-seven task activation beta values across a set of task contrasts are shown for two

seeds from the DN, PCC (red line) and MTG (black line), and one seed from the DAN, FEF
(blue line) in one HCP participant (“748258”). The PCC shows anti-correlated activity (7=
-0.67) with the DAN seed (FEF) and positively correlated activity (r= 0.73) with a seed
(MTG) in its own network (DN). Seven activation maps from different cognitive domains
projected onto the cortical surface are shown. The colors on the x axis indicate the contrasts
belonging to each task. (B)Task co-activation map for a seed region in the PCC at the
individual level (top) and at the population level (bottom). The task co-activation maps
exhibit connections that are consistently positive and others that are consistently anti-
correlated. Concordant with resting-state functional connectivity, the task-based co-
activation map of the PCC shows positive correlations with other default network regions
such as the MTG, and anti-correlations with DAN areas such as the FEF. The color scale
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illustrates Pearson rcoefficients, with warm colors indicating positive correlations and cool
colors indicating negative correlations. The black outlines indicate network boundaries
based on the parcellation detailed in Yeo et al. (2011).

DAN, dorsal attention network; DN, default network; FEF, frontal eye field; MTG, middle
temporal gyrus; PCC, posterior cingulate cortex.
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Fig. 2. Anti-correlations are largely preserved acrosstask and resting-state conditions.
(A) Correlation maps from one participant (“784565”) were generated using seeds of the

DN and DAN. The seeds are shown at the top of the figure, where black delineations
indicate the boundaries of the 17-network parcellation and colors indicate the 7-network
parcellation for easy identification of large-scale networks (Yeo et al., 2011). For each seed,
we generated correlation maps (only the left cerebral hemisphere is shown) based on i) HCP
task data, where task-evoked activity across the 47 task contrasts of the HCP database were
concatenated (Task); ii) HCP resting-state data preprocessed without GSR (Rest-no GSR);
and iii) HCP resting-state data preprocessed with GSR (Rest-GSR). The presence of anti-
correlations across conditions, as well as their preserved spatial distribution, suggests that
anti-correlations are meaningful and not simply spurious observations resulting from the
GSR preprocessing step. The color scales illustrate rscores, whereby warm colors indicate
positive correlations and cool colors indicate negative correlations. (B) Similarity in the
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seed-based anti-correlations between the Task and Rest-no GSR conditions (black bars) and
between the Task and Rest-GSR conditions (red bars) across all participants. Similarity was
quantified by calculating the Dice overlap coefficient between task-based and resting-state
anti-correlations for each participant, and then averaged across participants. The Dice
coefficients are greater for the Rest-GSR condition than for the Rest-no GSR condition
(paired ttest, p<0.0001 for all seeds except for the SPL seed). Error bars represent standard
errors.

DAN, dorsal attention network; DN, default network; PCC: posterior cingulate cortex;
mPFC: medial prefrontal cortex; pIPL, posterior inferior parietal lobe; MTG: middle
temporal gyrus; MT+: middle temporal region; SPL: superior parietal lobule; FEF: frontal
eye field; IFJ: inferior frontal junction.
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Fig. 3. Default network areas exhibit many anti-correlations acrosstask and resting-state
conditions.

(A) The degree of anti-correlations was mapped for every vertex on the cortical surface. It
was calculated as the number of anti-correlations between a given vertex and all other 1483
vertices on the cortical surface. Maps were obtained and averaged across all 680 HCP
participants. Vertices in the Rest-GSR condition show the strongest degrees of anti-
correlations, followed by the Rest-no GSR condition, while the Task condition had the
lowest degrees of anti-correlations. The color scale indicates the degree (number) of anti-
correlations. (B) To facilite the visualization of the distribution of anti-correlations across the
cortical surface, we generated maps of the normalized degree of anti-correlations for each
condition. Regardless of the condition (Task, Rest-no GSR, Rest-GSR), default network and
limbic network areas exhibit a higher degree of anti-correlations with the rest of the cortical
surface. (C) Similarity in the anti-correlation profiles between the Task and Rest-no GSR
conditions (left, top row) and between the Task and Rest-GSR conditions (left, bottom row).
Similarity was quantified at each vertex by calculating the Dice overlap coefficient between
task-based and resting-state anti-correlation profiles for each participant, and averaged
across participants thereafter. The color scale indicates the Dice coefficient. Overall, when
considering all vertices together (right), GSR-preprocessed resting-state data shows a higher
similarity to task data than does resting-state data not processed with GSR (paired #test:
#679) = 36, p <0.0001). Error bars represent standard errors.
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Fig. 4. Motion effect on the anti-correlations.
(A) Correlation between head motion and normalized degree of whole-brain anti-

correlations in Rest-no GSR and Rest-GSR conditions. Motion significantly correlates with
the degree of anti-correlations in Rest-no GSR condition (r=-0.13, p <0.001), but not in
Rest-GSR condition (r=-0.025, p= 0.516).The degree of whole-brain anti-correlations
represents the sum of anti-correlations mapped for each vertex. (B) Similarity in the anti-
correlation profiles between the Task and Rest-no GSR conditions (top row) and between the
Task and Rest-GSR conditions (bottom row) was quantified in the lower-motion subgroup
and the higher-motion subgroup. Anti-correlation profiles in the Task condition are more
similar to those of the Rest-GSR condition than to those of the Rest-no GSR condition, in
both the higher-motion group (paired #test: £219) = 22, p<0.0001) and the lower-motion
groups (paired £test: £219) = 19, p<0.0001).
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Fig. 5. Left DLPFC rTM Ssites associated with higher clinical efficacy show stronger task-based
anti-correlations with the sgACC.

We investigated whether anti-correlations can explain clinical efficacy following rTMS of
various DLPFC sites in 25 patients with depression. We assessed the association between
clinical efficacy (% decrease in BDI) and population-level task-based co-activation. There is
a significant negative relationship between clinical efficacy and DLPFC-sgACC co-
activation (r=-0.37, p=0.036). These negative correlations indicate that the stronger the
DLPFC-sgACC anti-correlation, the higher the rTMS clinical efficacy. BDI, Beck’s
Depression Inventory; DLPFC, dorsolateral prefrontal cortex; sgACC, subgenual anterior
cingulate cortex; rTMS, repetitive transcranial magnetic stimulation.
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