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Abstract

Therapeutic brain stimulation targets are typically designed to treat specific psychiatric or neurological
symptoms.'™* This approach presents a dilemma when treating patients with comorbidities, atypical
symptom profiles, or overlapping symptoms. Identifying targets that modulate groups of behavioral or
cognitive symptoms across diagnoses may provide alternative treatment options and outcomes. Here, we
use causal brain mapping and clustering methods to identify two distinct brain networks, based on
common patterns of connectivity to lesions that selectively modify behaviors and symptoms. Due to the
behavioral items in each cluster, we hypothesize that these networks are related to positive and negative
affect, respectively. Across ten different datasets of patients receiving transcranial magnetic stimulation
(TMS) or deep brain stimulation (DBS),">® stimulation site connectivity to each of our two brain networks
independently predicted improvement in depressive symptoms. Thus, we defined two networks which are
independently and causally involved in depression symptoms.

Introduction

Therapeutic neuromodulation for psychiatric disorders is largely based on targeting a single circuit for a
single symptom or disorder."~# This model is incomplete in at least two ways. First, a disorder may be
associated with various symptom profiles that map to heterogeneous circuits, yielding distinct “biotypes”
that respond to different treatments.”’ % Second, a disorder may have overlapping symptoms such as
absence of positive affect versus presence of negative affect, which map to different circuitry in animal
models but are difficult to distinguish in humans.’’~13

These challenges may be partly addressed by finding brain stimulation sites that target distinct brain
circuits associated with distinct clusters behaviors.>141% Our group has previously validated methods to
cluster symptoms based on the connectivity of transcranial magnetic stimulation (TMS) sites that
causally modify those symptoms.? However, these methods were limited to detecting symptoms that
were measured by conventional clinical scales and were selectively modified by different TMS sites
within the dorsolateral prefrontal cortex (DLPFC). Additional circuit-based behavioral clusters may exist,
but would be best detected using a method that provides whole-brain coverage along with deep
phenotyping.

This may be achieved using brain lesion data. Because incidental lesions can occur in widely different

brain regions, they can be used to study the causal effects of damage to different brain circuits.'® Our
group recently demonstrated that brain lesions causing depression are connected to the same circuit as
TMS sites and deep brain stimulation (DBS) sites that modify depression, suggesting that lesion-derived

circuits may be relevant to targeting brain stimulation.®'® Similar results have since been observed for

motor and cognitive symptoms of Parkinson’s disease, epilepsy, tremor, addiction, and tics.®'7~21 Thus, if
specific clusters of behaviors are modified by damage to distinct brain circuits, the same circuits would
be promising candidates for therapeutic TMS and DBS targets.?? If successful, this would not only

Page 5/24



optimize brain stimulation for depression, but would also illustrate a new approach for classifying
behaviors based on causal neuroanatomy and deriving new therapeutic targets.

Here, we apply causal human brain mapping methods to identify two distinct clusters of behaviors that
map to two distinct brain circuits. Stimulation site connectivity to these two distinct circuits
independently predicted clinical antidepressant outcomes after TMS and DBS, demonstrating that both
circuits play an independent causal role in symptoms of depression.

Results

Clustering two distinct circuits
First, in 196 military Veterans who suffered penetrating head trauma during the Vietnam

War, we mapped the circuitry of brain lesions that modified 185 different behavioral metrics (listed in
Table S1). These “behaviors” included neuropsychiatric symptoms, diagnoses, traits, and other self-report
measures collected during an extensive phenotyping battery.2324 For each measure, a higher score
indicates more of the associated behavior (e.g. higher score on BDI sadness item means higher levels of
sadness). As in our prior work,2°2° we localized each lesion on a standard MNI brain template (Fig. 1a)
and estimated its whole-brain resting-state functional connectivity (rsFC) profile (Fig. 1b) using a
normative connectome database (n=1000).2” Across all participants, lesion connectivity to each voxel
was compared with each behavioral measure using Pearson correlations, yielding 185 behavioral circuit
maps (Fig. 1c).

Next, we tested whether these 185 circuits were significantly different from each other.

We computed the pairwise spatial correlation between all possible pairs of behavioral circuits (Fig. 2a),
and quantified the overall heterogeneity in these 185 circuits based on the variance in these spatial
correlations (SD=.48). This heterogeneity was significantly stronger than chance as determined by
permutation testing (p=.02) (Fig. 2b) in which the variance was recomputed 25,000 times after randomly
shuffling each patient’s clinical outcomes with a different patient’s neuroimaging results, as in our prior
work.® A p-value was computed as the percentage of cases in which the permuted value was greater than
the real variance.

We then classified the 185 circuit maps using Ward's hierarchical clustering algorithm.28

The optimal number of clusters was 2 (silhouette coefficient=.68, p=.04, 25,000 permutations) (Fig. 2c).
We also compared the top three cluster solutions (k=2, 3, 4) using additional community detection

algorithms per standards of best practice??, yielding similar results (Figure S1). We also observed similar
results after repeating the analysis with different data cleaning approaches (Table S2).

Cluster quality analyses
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As a control analysis, we tested whether similar clustering could be achieved based on cross-correlations
in behavioral data alone, without incorporating anatomical data. No clear clusters were apparent when
using behavioral data alone (Fig. 2d).

To show that the clusters were not driven by any one behavior, we performed a leaveone-behavior-out
analysis by computing the spatial correlation of each map to the mean of the remaining behavioral maps
in the same cluster. These leave-one-out spatial correlation values were significantly stronger than zero
for both clusters (one-sample t-test p<107°). To account for outliers, we removed any behavioral circuit
maps that were negatively correlated with their own cluster, and repeated the leave-one-behavior-out
analysis with the cleaned dataset. Four of the 185 behaviors were excluded as outliers. We repeated this
process in a second iteration, and no additional outliers were detected.

We used these re-computed spatial correlation values to determine the most central and representative
behaviors in each cluster. The top 5 central maps of Cluster 1 (58 items) were “depressive disorder not

n ou n o«

otherwise specified”, “carefree”, “opioid abuse,

n u

vigorous,” and

n oo n o ou n u

“friendly” while the top 5 maps of Cluster 2 (124 items) were “guilt”, “anger”, “paranoia,” “helpless,” and
“sadness”. See Tables S3-5 and Figure S2 for a full list of rankings before and after data cleaning.

Final whole-brain cluster maps

We then generated an overall circuit map for both clusters by averaging their respective individual
behavior circuit maps (Fig. 3a). These final two cluster maps show the connectivity of lesions that modify
the behaviors within each cluster. We identified the locations of significant voxels (Fig. 3b) in each cluster
map using the Westfall-Young method as implemented by Winkler et al.3% Cluster 1 had peaks in the
posterior cingulate cortex (PCC), in the tapetum of the corpus callosum in a region that connects the two
medial temporal lobes to each other,®! and in the ventral midbrain, including the ventral tegmental area
(VTA) and substantia nigra (SN) (max

Ir1=0.13, pewe=0.02). Cluster 2 had a peak in the pituitary gland (max |r|=0.16, ppyg=0.03) (Fig. 3c, Figure
S3). Because peak-voxel values may be misleading when analyzing the overall topography of a broader
circuit, we repeated the analysis using the absolute mean voxel value (Cluster 1: mean |r|=.06, p<.001;
Cluster 2: mean |r|=.06, p=0.01). See Table S6 for data variations.

Predicting clinical outcomes

To assess the clinical utility and causal relevance of our two circuits, we used them to predict TMS and
DBS antidepressant outcomes (Fig. 4). We hypothesized that stimulation site connectivity to each of the
two circuits would independently predict treatment-induced change in depression. These analyses utilized
10 independent, previously published datasets'>® which included stimulation sites and depression
scores before and after treatment for 554 patients. In five DBS datasets (total n=101) and four TMS
datasets (total n=151), patients were stimulated at various sites due to incidental variability in routine
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clinical targeting procedures, and connectivity of these sites was estimated following our published

methods on deriving a convergent depression circuit.® In one TMS dataset (total n=302), all participants
were stimulated at the same MNI coordinate, and completed a baseline resting-state fMRI scan, enabling
analysis of the individualized differences between patients’ TMS site connectivity values.’®

To estimate the connectivity of patients’ stimulation sites to our two circuits, we computed the spatial
correlation of each cluster circuit (Fig. 4a) with each stimulation site's connectivity profile (Fig. 4b). For
each cluster, we used these connectivity values to predict treatment-induced change in depression (Fig.
4c) using partial Pearson correlations, controlling for the effect of connectivity to the other cluster and
baseline depression scores. Each dataset was analyzed individually and then combined using a weighted
mean (Fig. 4d). The significance of these findings was confirmed via permutation testing. Treatment-
induced change in depression was independently predicted by stimulation site connectivity to Cluster 1
(partial r=.18, p<.001) and Cluster 2 (partial r=.13, p=.002). This was independently true for the combined
nine normative connectivity datasets with variable stimulation sites (n=252, Cluster 1: r=.24, p<.001,
Cluster 2: r=.15, p=.02), and for the individualized connectivity dataset with consistent stimulation sites
(n=302, Cluster 1: r=.13, p=.01, Cluster 2: r=.11, p=.008). See Table S8 for individual dataset prediction

Discussion

Clustering symptoms has become an increasingly common approach to precision medicine in fields
ranging from oncology to psychiatry.34736 Recent work has laid the groundwork for clustering symptoms
using behavioral-anatomical data.® While previous approaches used TMS data from patients with major
depression, we applied similar methods to a lesion dataset with deep phenotyping across multiple
psychiatric disorders, as lesions that modify a symptom have been shown to overlap with the same
circuit as TMS and DBS sites that modify

the same symptom.®17~21 This approach enables derivation of overall symptom cluster circuit maps
which can be used to inform therapeutic development, including identifying neuromodulation targets.

We first confirmed the existence of at least two distinct anatomical circuits associated with different
clusters of behaviors, symptoms, and traits. Based on the primary behaviors in each cluster, we propose a
two-circuit model of affect in which Cluster 1 is associated with positive affect (e.g. “carefree,” “vigorous,”
and “opiate abuse”) and Cluster 2 is associated with negative affect (e.g. “guilt”, “helpless,” “sadness”).
Of note, unspecified depression was one of the top maps in the positive affect cluster. This diagnosis is
given only to patients who do not meet criteria for major depressive disorder (MDD), such as those in
whom substance abuse may be a complicating factor. Thus, the two-cluster model may help distinguish

between different diagnoses that share similar symptoms.

n u

Cluster 1 included three peak locations that survived multiple comparisons correction: the VTA/SN, the
PCC, and the tapetum of the corpus callosum. As the sources of dopamine in the mesolimbic reward
system and the nigrostriatal tract, the VTA and SN have long been implicated in the regulation of positive
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affect in both animal models and human studies.3”~#1 This is consistent with our finding that lesions
negatively connected to these areas were associated with positive affect. Functional abnormalities in the
PCC have also been implicated in blunted positive affect.*? The tapetum of the corpus callosum is a
white matter region that connects the two hippocampi to each other, and thus may be an epiphenomenon
that arises due to independent involvement of both medial temporal lobes.?’

Cluster 2 had a peak in the pituitary gland, potentially suggesting involvement of the hypothalamic-
pituitary-adrenal (HPA) axis, which secretes cortisol throughout the body. This is consistent with studies
implicating cortisol in states of chronic stress, negative affect, and MDD.*3~46 However, the pituitary itself
is typically excluded from whole-brain functional connectivity analyses, so it may be systematically
understudied in the neuroimaging literature. Nevertheless, our findings may bring together two
established models of affect — the neurotransmitter model involving dopamine and the hormone model
involving cortisol.

Perhaps most importantly, our lesion-derived behavioral clusters predicted outcomes with therapeutic
brain stimulation. Stimulation site connectivity to each cluster independently predicted antidepressant
response across ten brain stimulation studies. This builds on our prior work suggesting that brain
stimulation treatments for depression can be optimized by targeting a specific “depression circuit.”® While
the idea of circuit-based targeting may still be true in principle, the present results suggest that efficacy
may be further optimized by choosing a stimulation site that is connected to both the positive and
negative affect circuits, not just a single depression circuit. This is consistent with recent work
demonstrating that antidepressant efficacy of DBS can be optimized by targeting the intersection of
multiple fiber tracts rather than a single

circuit.4748

At present, this dual-circuit approach may be used to refine treatment sites within the standard
treatment protocol (e.g. TMS to the dorsolateral prefrontal cortex for MDD). However, further research is
needed to incorporate other factors such as modality. For example, although our collective predictive
stimulation dataset has 101 DBS patients, our TMS sample was substantially larger. Future studies
should investigate if there is a difference in the most effective way to target both circuits based on
modality of treatment, or if one circuit is more suitable for a specific treatment type. Similarly, different
brain regions may react differently to brain stimulation due to differences in features like cortical
excitability or synaptic plasticity. Larger and more deeply phenotyped brain stimulation datasets could
help identify the ideal entry point to access the circuit. Based on these factors, patients may need to be
stratified to one target or the other, rather than targeting both circuits.

While we demonstrated the existence and therapeutic relevance of two distinct behavioral clusters, our
results and methods were based on imprecise and heterogeneous data, which introduces noise and likely
limits our measured effect size. For instance, since there were no preinjury baseline scores, our methods
assume that pre-lesion scores were randomly distributed with respect to lesion location. Additionally, the
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behaviors included in the analysis incorporated a wide variety of items, many of which are likely
unrelated to one another (e.g. validity, affective, and cognitive scales). Our results are also limited by the
possible mis-classification of some individual items within each cluster, particularly those near the
overlap of the two clusters.*® This is an inherent limitation to clustering analyses, and a perfect
classification would suggest an overfit and ungeneralizable model.#%°9 Our methods were designed to
demonstrate the existence of two clusters, but are not able to establish the constituents of each cluster
with certainty. In addition, we applied the clustering algorithm to whole-brain correlations which distill the
circuit to single metrics. The strength of our final cluster maps is similarly limited by averaging across
every individual behavior map, increasing the difficulty of identifying peaks. Finally, our analyses were
retrospective based on natural experiments that were readily available. Datasets were heterogeneous in
many ways including population, treatment site, outcome measures, etc. More precise effect sizes may
be expected with prospective studies that include deep phenotyping and stimulation of different targets.
Future studies could address these sources of noise with dedicated affective phenotyping before and
after brain stimulation, which may reveal additional clusters or additional anatomical associations.

Finally, it should be noted that we tested depression outcomes based on data availability. But, due to our
deeply phenotyped approach, our clusters are broad in scope and could be considered potentially
transdiagnostic in nature. Thus, future studies should evaluate these targets in context of other disorders
with affective components, such as addiction, chronic pain, or personality disorders.

Overall, we identified two distinct circuits connected to lesions potentially associated with positive and
negative affect. Both circuits were derived from causal lesions, and were validated against causal TMS
and DBS sites. Stimulation site connectivity to each of these circuits independently predicted
improvement in depression, indicating that both are independently and causally involved in depression.
This dual-circuit model may also be applicable across various disorders, creating a common circuit and
treatment target for affective symptoms.
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Methods

Complete methodological details can be found in the online supplement.

Description of Datasets

Primary Dataset

Primary analyses were performed using data from Phases Il and Il of VHIS."? In this study, 196 Vietnam
Veterans with various stable, penetrating brain lesions were assessed at multiple time points over a 45-
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year period. Veterans completed various self-report and observational inventories containing information
on multiple distinct neuropsychiatric symptoms, diagnoses, traits, and behaviors, including the Beck
Depression Inventory (BDIHI®),

Minnesota Multiphasic Personality Inventory (MMPI#), Clinician-Administered PTSD Scale for
DSM-IV (CAPS-IV®), adaptation of the Marilyn Albert remote memory battery®,

Neurobehavioral Rating Scale (NBR’), Bear-Fedio Inventory®, Profile of Mood States (POMS?), and the
Structured Clinical Interview for the DSM-IV (SCID'9).

We included all participants that completed a head CT scan and at least one complete behavioral
inventory. We removed all items that had 1 or less responses. Altogether, this yielded 196 participants and
185 items (Table S1). We ensured that for each measure, a higher score indicated more of the associated
behavior (e.g., a higher score on BDI sadness item means higher levels of sadness). We then rank
transformed all scores to be on the same scale.

Validation Datasets

Our validation analyses used 10 independent, previously published datasets'' '3 which measured
depression scores before and after TMS (studies=5) or DBS (studies=5). Each dataset also recorded each
patient’s stimulation site. In nine of these datasets (n=252) patients were stimulated at varying locations.
Seven of these studies targeted MDD improvement (4 TMS, 3 DBS), and two DBS studies targeted
Parkinson’s and epilepsy improvement, all across varying treatment sites. The connectivity of patients’
treatment sites in these datasets were computed using the normative connectome. TMS depression
patients in the tenth dataset (n=302) were all treated for MDD and stimulated in the same location in the
dIPFC using a coordinate from the MNI brain atlas. However, since all patients in this dataset completed a
baseline resting-state fMRI scan, we were able to compute the connectivity of patients’ treatment sites on
an individual basis.

For all datasets, only patients with pre- and post-treatment depression scores as well as their stimulation
site were included. See Table S7 for full dataset characteristics. All depression scores were rank
transformed to be on the same scale and to match the original analyses. Each DBS site was inverted due
to anti-correlation with TMS sites. Patients in both the primary and validation datasets provided informed
consent to the original data collection or retrospective analysis was approved by the institutional review
board and/or equivalent ethical committees.

The stimulation sites of Datasets 1-9 were localized as described in Siddiqi et al. (2021)'", whereas
stimulations sites of Dataset 10 were localized as a decaying sphere with maximum radius 12mm as

described in Fox et al. (2013)"4. Due to the collection of individualized connectivity in Dataset 10,
imaging parameters and processing varied from the datasets using the normative connectome. The

resting-state fMRI was processed using CONN (RRID:SCR_009550)'° including motion realignment, atlas
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registration, ART based outlier detection, bandpass filtering .008-.09 Hz, and white matter, ventricular, and
grey matter signal regression. See Elbau et al. (2023)'? for imaging parameters.

Statistical Analysis

All statistical analyses were conducted using MATLAB R2023a and visualizations were made using
Gephi 0.10, Surf Ice 13.0.1, and python 3.9.13 unless otherwise specified.

Mapping Circuits to Behaviors

We used lesion network mapping, a previously validated method, to create whole brain “circuit maps” of
each individual symptom or behavior in our VHIS dataset.'®!” For each participant, we computed a
whole-brain normative connectivity profile, indicating the connectivity of their lesion location to every
voxel in the brain (228,453 voxels). Connectivity was estimated based on a large normative connectome
of 1000 healthy patients’ resting state functional connectivity data.® A circuit map for each of the 185
items was then created by calculating the Pearson'’s correlation between these lesion connectivity profiles
and the item score for each brain voxel (Fig. 1).

Clustering

We clustered the individual circuit maps following previously published methods.'® First, we quantified
the strength of the 185 behavioral circuit maps’ relationship to one another by computing the spatial
correlation between each pair of maps. To ensure the differences between the behavioral maps’
correlation profiles were not a consequence of randomness, we calculated whether the average standard
deviation of the resulting cross-correlation matrix was stronger than chance (Fig 2a-b). The cross-
correlation matrix was then clustered using Ward'’s hierarchical clustering algorithm (Fig. 2¢).2° The
strength of the clustering was measured using the silhouette coefficient, a metric of within-cluster
similarity and between-cluster difference.?! We chose an optimal number of clusters based on the
clustering solution that maximized the silhouette coefficient.

To test for significance, we used permutation testing as previously described.’® Permutation testing
involved creating a null model by randomly assigning each participant’s lesion to another participant’s
behavioral scores. After conducting 25,000 iterations, we computed a p-value equal to the percentage of
cases in which the permuted silhouette value was greater than the real value. We hypothesized that the
optimal number of clusters would have a stronger silhouette value than expected by chance.

Control Analyses

After the optimal number of clusters was identified, we ran various control analyses to confirm our results
and ensure that they were not driven by other factors. To see if the lesion data added important
information to the results or if the results were driven primarily by the behavioral data, we re-computed all
the primary analyses using only the original behavioral data (Fig. 2d). We then compared the behavioral-
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only results to the behavioral-anatomical results. We also used other community detection methods to
confirm our findings in order to account for clustering algorithm biases, per standards of best
practice?223 (Text S1, Figure S1). To confirm that our results were not driven by a particular choice in data
transforms or thresholds, we repeated our analyses with various methodological variations including
data transformations, thresholding, and accounting for missing data (Text S2, Table S2).

Examining Properties of Clusters

We then used a leave-one-out analysis to explore which behaviors were most influential in each cluster
and to ensure that none of those individual behaviors were driving the results. The leave-one-out analysis
was completed by systematically removing an individual behavioral circuit map from its cluster and
averaging the remaining behavioral maps. The modified cluster map and the individual behavioral map
were then compared using a spatial correlation. This was repeated across all clusters and behaviors
(Tables S3-5).

The behaviors with the strongest leave-one-out values indicate the most central behaviors in each cluster
(Figure S2). We then used a one-sample t-test to determine whether these leave-one-out spatial
correlations were significantly stronger than zero, in order to determine that no single behavior was
driving the results.

Deriving Final Behavior Cluster Maps

Before deriving our final cluster maps, we removed any behavioral circuit maps that resulted in a negative
spatial correlation from our leave-one-out analysis to account for outliers in each cluster. Finally, we
averaged all of the individual behavior circuit maps within each individual cluster (Fig. 3). The resulting
cluster maps indicate the connectivity of lesions that modify each respective cluster.

We quantified the strength of each cluster map based on the absolute mean and absolute peak voxel
values. We then used permutation testing (25,000 permutations) to determine whether the absolute mean
and absolute peak values were stronger than chance. Per the Westfall Young method, we then used the
distribution of these absolute peak values to identify a significant threshold value (p<.05) for each cluster
and thresholded each respective cluster map to determine all significant voxels.?* In order to ensure the
maps were not a result of small data cleaning decisions, we re-computed them using a variety of different
cleaning methods (Table S6).

Predicting Clinical Outcomes

Our final set of analyses used 10 independent, previously published TMS and DBS datasets to determine
the validity and potential clinical utility of the clusters. These analyses investigated whether treatment
site connectivity to each independent cluster network could predict clinical antidepressant outcomes after
neuromodulation treatments.
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The first step in this analysis was deriving patient-specific treatment site connectivity profile. In nine of
our datasets, this was accomplished by computing the whole brain connectivity of each participant’s
treatment location using a large normative connectome (n = 1,000), similar to lesion network mapping. In
our tenth dataset, this was accomplished by computing the whole brain connectivity of each participant’s
treatment location using their individual resting-state fMRI. We then calculated the connectivity of each
site to each cluster using Pearson’s correlation (Fig. 4). Finally, we used these values to predict the

difference in antidepressant response using a partial correlation which accounted for both baseline

depression scores and the other cluster's connectivity values. To account for dataset, each of the 10

datasets was analyzed individually and combined into a weighted mean.
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Figure 1

Mapping Circuits to Behaviors

We created 185 circuit maps representing each measured behavior. a) 196 lesions were localized and
mapped to a standard MNI 152 brain atlas. b) We computed the connectivity of each participant’s lesion
to every brain voxel using a normative connectome database (N=1,000). ¢) We identified the brain circuit
connected to lesions which are associated with an increase or decrease in each of the 185 behaviors.
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Figure 2

Clustering of Behavioral Circuits.

185 behavioral circuit maps fell into two overall clusters. a) Most of the behavioral circuit maps showed
strong positive or negative correlation with the remaining circuit maps, suggesting the presence of two
overall clusters. b) Randomly permuted correlation matrices did not show clear positive-negative
dissociation, with significantly weaker variance than the real data (p=0.025). ¢) Force-directed graph
visualization depicting the two overall clusters. See Fig. 3 for the mean anatomical renderings of each
cluster. d)Similar clustering was not evident when using behavioral metrics alone, in the absence of
anatomical data.
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Figure 3
Deriving Final Behavior Cluster Maps & Peaks

We created an average circuit map for each respective cluster and identified the significant peaks in each
map. a) To compute the average cluster circuit maps for positive and negative affect, we averaged the
behaviors in each cluster and then calculated the correlation between the mean behavioral score and
lesion connectivity to each brain voxel. This resulted in two distinct maps representing the circuits
connected to lesions that modify each behavioral cluster respectively. b-c) The absolute peak of each
cluster was stronger than expected by chance (25,000 permutations). We used the Westfall-Young
method to determine the most relevant peaks (p<.05). Peaks in Cluster 1 are in the PCC, VTA, SN, and

corpus callosum connected to the cingulate gyrus.3'33 Peaks in Cluster 2 are in the pituitary gland.
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Figure 4

Predicting Clinical TMS & DBS Antidepressant Outcomes

We showed that treatment site connectivity to each of our clusters independently predicted
antidepressant outcomes. a-c) In every dataset, we calculated the connectivity of Cluster 1 and Cluster 2
to every patient’s stimulation site. DBS sites were inverted due to anti-correlation with TMS sites. We then
used this cluster connectedness to predict antidepressant treatment outcomes. d) This process was
repeated for every dataset and then combined using a weighted mean to account for dataset size.
Relative sample size is depicted by size of the circle and 95% confident interval depicted by
corresponding lines.
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