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Abstract

Repetitive transcranial magnetic stimulation (rTMS) of the dorsolateral prefrontal cor-

tex (DLPFC) is an established treatment for refractory depression, however, thera-

peutic outcomes vary. Mounting evidence suggests that clinical response relates to

functional connectivity with the subgenual cingulate cortex (SGC) at the precise

DLPFC stimulation site. Critically, SGC-related network architecture shows consider-

able interindividual variation across the spatial extent of the DLPFC, indicating that

connectivity-based target personalization could potentially be necessary to improve

treatment outcomes. However, to date accurate personalization has not appeared

feasible, with recent work indicating that the intraindividual reproducibility of optimal

targets is limited to 3.5 cm. Here we developed reliable and accurate methodologies

to compute individualized connectivity-guided stimulation targets. In resting-state

functional MRI scans acquired across 1,000 healthy adults, we demonstrate that,

using this approach, personalized targets can be reliably and robustly pinpointed, with

a median accuracy of �2 mm between scans repeated across separate days. These

targets remained highly stable, even after 1 year, with a median intraindividual dis-

tance between coordinates of only 2.7 mm. Interindividual spatial variation in person-

alized targets exceeded intraindividual variation by a factor of up to 6.85, suggesting

that personalized targets did not trivially converge to a group-average site. Moreover,

personalized targets were heritable, suggesting that connectivity-guided rTMS per-

sonalization is stable over time and under genetic control. This computational frame-

work provides capacity for personalized connectivity-guided TMS targets to be

robustly computed with high precision and has the flexibly to advance research in

other basic research and clinical applications.
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1 | INTRODUCTION

Major depressive disorder (MDD) is the leading cause of years lived

with disability and remains poorly understood. As few as 30% of

patients achieve remission with initial treatment, even after

8–12 months (Rush, 2007). Repetitive transcranial magnetic stimula-

tion (rTMS) at the dorsolateral prefrontal cortex (DLPFC) has emerged

as a noninvasive antidepressant approach for individuals who do not

respond to first-line behavioral and pharmacological therapies. While

rTMS is life-changing for some individuals, approximately 50% with

similar clinical profiles will not meet response criteria (Berlim, van den

Eynde, Tovar-Perdomo, & Daskalakis, 2014; Chen et al., 2013).

The heterogeneity of rTMS treatment outcomes is thought to be

driven in part by suboptimal targeting of the DLPFC (Cash, Weigand,

et al., 2020; Cash et al., 2019; Downar & Daskalakis, 2013; Fitzgerald

et al., 2009; Fox, Buckner, White, Greicius, & Pascual-Leone, 2012;

Weigand et al., 2018). Determining the optimal site for therapeutic

rTMS in the treatment of MDD remains a major goal in psychiatry, as it

holds the promise of delivering improved and more consistent clinical

outcomes. Current scalp-based measures typically select a stimulation

site that is 5–6 cm anterior to the motor cortex, but this approach is

imprecise and yields a target outside the DLPFC in some individuals

(Herwig, Padberg, Unger, Spitzer, & Schonfeldt-Lecuona, 2001),

unintentionally stimulating other brain networks (Opitz, Fox, Craddock,

Colcombe, & Milham, 2016; Rastogi et al., 2017). While sophisticated

targeting heuristics are available (e.g., “Beam F3”, Beam, Borckardt,

Reeves, & George, 2009), the optimal stimulation site within the rela-

tively large expanse of the DLPFC remains unknown.

Mounting evidence indicates that the clinical effects of brain stimu-

lation are related, if not dictated, by the connectivity of the target site,

and that this finding transcends different stimulation modalities (Cash,

Cocchi, Lv, Fitzgerald, & Zalesky, 2020; Cash, Weigand, et al., 2020;

Cocchi & Zalesky, 2018; Fox et al., 2014; Halko, Farzan, Eldaief,

Schmahmann, & Pascual-Leone, 2014). This represents a broader transi-

tion from a view that psychiatric disorders, and clinical outcomes, are

dictated by focal abnormalities in neural activity, to recognition that

these are related to broader disturbances, and normalization, of distrib-

uted network connectivity. Multiple retrospective studies, replicated

internationally across different clinical cohorts and targeting methodol-

ogies have demonstrated that antidepressant outcomes to TMS were

better when stimulation was by chance delivered at sites of the DLPFC

that displayed stronger negative (“anticorrelated”) functional connectiv-
ity (FC) with the subgenual cingulate cortex (SGC) (Cash et al., 2019;

Fox et al., 2012; Weigand et al., 2018). This presents a potential oppor-

tunity to enhance antidepressant outcomes by prospectively delivering

TMS according to functional connectivity with the SGC. However, pre-

frontal regions including the DLPFC show the highest levels of inter-

individual variation in terms of cytoarchitecture, structural morphology,

neural function, and connectivity (Doucet, Lee, & Frangou, 2019; Finn

et al., 2015; Fischl et al., 2008; Fox, Liu, & Pascual-Leone, 2013; Hill

et al., 2010; Miranda-Dominguez et al., 2014; Mueller et al., 2013;

Rajkowska & Goldman-Rakic, 1995). While targeting a single DLPFC

coordinate for all individuals based on group-average connectivity

patterns has been proposed and tested (Blumberger et al., 2018; Fox

et al., 2012; Li, Cheng, et al., 2019), this “one-site-fits-all” approach

does not account for interindividual differences in network architecture.

Instead, individual-specific connectivity-guided targeting may be neces-

sary to realize the full clinical potential of rTMS (Cash, Cocchi,

et al., 2020).

The principal challenge for the implementation of connectivity-

guided treatment personalization is that individual functional connec-

tivity measures are noisy (Dubois & Adolphs, 2016), particularly within

subcortical regions such as the SGC (Ojemann et al., 1997). While

individual differences in functional network organization have

recently been illustrated, these were based on several hours of scan

data (Gordon, Laumann, Adeyemo, et al., 2017; Gordon, Laumann,

Gilmore, et al., 2017; Gratton et al., 2018). Moreover, demonstrating

robust interindividual variation does not imply that it is actually feasi-

ble to pinpoint stable and reproducible personalized connectivity-

guided treatment coordinates within a clinically feasible acquisition

time. Indeed, recent work indicates that the margin of error for defin-

ing connectivity-based DLPFC targets is several centimeters, render-

ing treatment personalization effectively impossible with conventional

methodology (Ning, Makris, Camprodon, & Rathi, 2019). Conse-

quently, conventional scalp-based targeting methodologies remain the

most prevalent approach in clinical practice despite their limitations

(Cash, Weigand, et al., 2020).

On this basis, we aimed to develop a computational framework to

enable connectivity-guided personalization of rTMS treatment. We

specifically aimed to evaluate and enhance the feasibility, reliability,

and precision of personalization methodology. We further aimed to

characterize the extent of interindividual variation in treatment tar-

gets and whether this variation was mediated by familial factors. We

demonstrate that using the proposed methodology, it is feasible to

pinpoint personalized connectivity-guided targets that remain highly

reproducible across repeat scans with a median accuracy equivalent

to a single voxel (�2 mm), given a sufficiently long acquisition. This

represents a significant advance toward the feasible implementation

of personalized and connectivity-guided precision TMS.

2 | METHODS AND MATERIALS

2.1 | Participants

rfMRI images from 1,000 healthy adults participating in the Human

Connectome Project (HCP, 532 Female, age 22–35) were analyzed

(Glasser et al., 2013; Smith et al., 2013). HCP datasets are available

for download to anyone agreeing to the open access data use terms

(https://db.humanconnectome.org/).

2.2 | Neuroimaging acquisition

Minimally preprocessed rfMRI images were sourced from the HCP.

Acquisition and image preprocessing procedures were described in
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detail elsewhere (Glasser et al., 2013). Two fMRI scans per day were

acquired on consecutive days for each individual (four scans per par-

ticipant). In addition, 45 of these individuals underwent scanning

365 days after the initial scan. Data collection was performed in a cus-

tomized Siemens Skyra 3T scanner according to the following parame-

ters: gradient-echo EPI sequence, 720 ms TR, 33.1 ms TE, 52� flip

angle, 208 × 180 mm FOV, 104 × 90 matrix, 2.0 mm slice thickness,

72 slices, 2.0 mm isotropic voxels, 8 multiband factor and 0.58 ms

echo spacing. Each of the two data acquisition sessions comprised

two 14m33s runs (right-to-left and left-to-right phase encodings,

1,200 volumes each), with eyes open with relaxed fixation on a pro-

jected bright cross-hair on a dark background (and presented in a

darkened room). For each session, the two 14m33s runs per day were

temporally concatenated to result in 29 min of data. To minimize tem-

poral discontinuity, the mean was removed from each time series prior

to concatenation.

2.3 | Neuroimaging preprocessing

Acquired images were preprocessed by the HCP according to the

HCP functional preprocessing pipeline, which involves: (1) spatial and

gradient distortion corrections, (2) correction of head movement,

(3) intensity normalization, (4) single spline resampling of EPI frames

into 2 mm isotropic MNI space and (5) HCP's FIX+ICA pipeline for the

removal of temporal artifacts. Refer to Glasser et al. (2013) and Smith

et al., (2013) for further details on HCP resting-state functional MRI

acquisition and preprocessing.

In addition to the HCP minimal preprocessing, global signal

regression (GSR) was implemented prior to band pass temporal filter-

ing (BPTF; 0.01–0.1 Hz). GSR is a denoising strategy that remains

controversial (Glasser et al., 2018; Li, Bolt, et al., 2019), and where

the choice of implementation should be considered depending on

study aims (Murphy & Fox, 2017). GSR was implemented here as the

aim of the present work was to generate a pipeline which enables

prospective fMRI personalization in a way that directly links to exis-

ting evidence. All prior work in relation to DLPFC-SGC FC and rTMS

antidepressant outcome has implemented GSR (Cash, Cocchi,

et al., 2020; Cash et al., 2019; Fox et al., 2012; Weigand

et al., 2018), and this step has been proposed for optimal evaluation

of anti-correlated connectivity patterns (Fox, Zhang, Snyder, &

Raichle, 2009) and brain-behavior relationships (Li, Kong,

et al., 2019). Moreover, GSR has been proposed as the single most

efficacious strategy for de-noising (Ciric et al., 2017). The effect of

head motion artifacts is mitigated via implementation of ICA-FIX and

GSR, but this point was not specifically investigated in the

present work.

After initial exploration of the effect of smoothing (full width half

maximum [FWHM] kernel sizes 4, 5, 6, 8, 10, 12, 16, 20 mm), all ana-

lyses, unless otherwise reported, were performed on minimally

smoothed data (4 mm FWHM) to reduce loss of spatial information

and spurious shifts in boundaries between gray and white matter

(Coalson, Van Essen, & Glasser, 2018).

2.4 | Computation of personalized DLPFC
treatment coordinates

2.4.1 | Overview

For each individual, we computed the optimal scan coordinate for two

separate scan sessions, operationalized as the precise DLPFC coordi-

nate at which SGC connectivity was most anti-correlated (Fox

et al., 2012). We developed new methodologies to improve the accu-

racy and robustness of this basic targeting strategy (Figure 1). We

developed new assessment criteria to evaluate the reproducibility,

precision and functional fidelity of each approach across successive

scans (Table 1). We also assessed the extent to which individual het-

erogeneity was preserved by each method. Lastly, we determined the

optimal computational parameters for each method.

2.4.2 | DLPFC region of interest (ROI)

The DLPFC was defined as the combined extent of 20 mm radius

spheres centered along the left hemisphere at BA9 (MNI −36, 39, 43),

BA46 (MNI −44, 40, 29), the “5 cm” TMS site (MNI −41, 16, 54) (Fox

et al., 2013), and the F3 Beam group-average stimulation site (MNI

−37, 26, 49) (Cash et al., 2019).

2.4.3 | Computation of SGC time series

i. Conventional seed-based approach: The SGC time series was

determined separately for each individual by spatially averaging

the rfMRI data across all voxels comprising a spherical mask of

radius 10 mm positioned at the center of the SGC (MNI 6, 16,

−10). The center of this ROI represents the average coordinates

of treatment-related decreases in SGC activity tied to antidepres-

sant effect (Fox et al., 2012).

ii. Seedmap approach: To increase the signal to noise ratio, the SGC

time series was computed as a weighted spatial average of the

fMRI data across all gray matter voxels (Fox et al., 2013), exclud-

ing the DLPFC. Gray matter voxels were weighted according to

their group-averaged connectivity with the SGC time series. The

single group-average connectivity map, which was used to weight

each voxel's contribution to the SGC time series, was derived

from 2000 scans (1,000 individuals × 2 scans). The signal to noise

ratio improved because data from most of gray matter was used

to estimate the SGC time series, as opposed to the approximately

20 voxels comprising the SGC.

2.4.4 | Computation of personalized DLPFC
treatment target

We investigated three methodologies to determine the individualized

DLPFC stimulation target. An individualized site was separately

CASH ET AL. 3



computed for each of two rfMRI sessions to evaluate intersession

reliability.

i. “Classic” method (Ning et al., 2019): The coordinate

corresponding to the location of the single most anticorrelated

voxel within the DLPFC ROI was selected (Figure 1a).

ii. “Searchlight” method (Fox et al., 2012): Connectivity was computed

for half-spheres positioned at the surface of the DLPFC (Figure 1a).

Half spheres were centered at each voxel of the DLPFC. The DLPFC

time series for each individual was determined by spatially averaging

the rfMRI data across all voxels comprising the half sphere. The tar-

get was selected as the center of the sphere at which connectivity

was most anti-correlated with the SGC. Each half sphere was

weighted by proximity to the cortical surface, to mimic the linear

decay of the TMS field (Fox et al., 2013). The influence of sphere

dimension was characterized at diameters of 1, 3, 6, 12 and 20 mm.

iii. New “cluster-based” method: Contiguous clusters of DLPFC

voxels at which connectivity was most anti-correlated with the

SGC were identified (Figure 1a). The center-of-gravity of the larg-

est such cluster was defined as the target coordinate. Clusters

were delineated among the top x% most anti-correlated DLPFC

voxels, where the x threshold was incrementally varied between

0.1 and 50%. Clusters were defined among the supra-threshold

voxels based on standard 26-voxel neighborhoods.

2.5 | Evaluation of each personalization
methodology

We first determined the optimal level of smoothing, as recent work

indicated that larger smoothing kernels (kernel diameter >12 mm)

yield higher intersession reproducibility (Ning et al., 2019). We gener-

ated SGC FC maps using the seed and seedmap approaches at FWHM

kernel sizes of 4, 5, 6, 8, 10, 12, 16 and 20 mm. All subsequent ana-

lyses focused on minimally smoothed data (4 mm FWHM).

We next evaluated the reproducibility, precision, interindividual het-

erogeneity and functional fidelity of each approach. These performance

criteria are elucidated in Table 1.

The Pearson correlation coefficient was computed for SGC con-

nectivity values across all DLPFC voxels between MRI sessions for

each individual to examine the overall reproducibility of SGC connec-

tivity maps over time. The reproducibility of SGC connectivity maps

was compared between the two methods used to compute the SGC

time series (i.e., conventional seed and seedmap methodologies).

To evaluate the precision of site personalization methodologies,

we evaluated two criteria (Table 1): First, the optimal site should be

reliably identifiable in rfMRI data acquired in the same individual on

different days. Therefore, the distance between optimal coordinates

identified using two separate rfMRI scans from the same individual

should be minimal. We referred to this as the intraindividual distance.

F IGURE 1 Schematic of experimental design, including personalization methodologies and evaluation metrics. (a) Illustration of the “classic”,
“searchlight” and “cluster” based approaches for identifying the personalized stimulation target. The 'classic' method involves selecting the single
most anticorrelated voxel within the DLPFC. The 'searchlight' method involves computing SGC FC within half-spheres centerd at each voxel
within the DLPFC. These half-spheres are weighted by their proximity to the cortical surface and the most anticorrelated site is selected. The
cluster approach involves retaining only a specified portion (between 0.1 and 50%) of the most negative voxels; these are then spatially clustered
and the center-of-gravity of the largest cluster is defined as the target coordinate. (b) Measures quantifying the reliability of each personalization
methodology. Intraindividual distance refers to the Euclidean distance between the target coordinate identified using two separate rfMRI scans
from the same individual. Interindividual distance is defined as the distance between target coordinates from distinct individuals. Ideally,
personalized targets should show high intraindividual precision while retaining a high degree of interindividual variation
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TABLE 1 Outline of key terms for TMS personalization

Term Description Research question Answer

Metrics SGC FC reproducibility Correlation of FC values across

all voxels within the DLPFC

for each individual across

resting-state fMRI sessions 1

and 2. For personalization to

be viable, SGC FC needs to be

consistent across sessions on

different days.

Are SGC connectivity maps

reproducible across sessions?

Highly reproducible (R = 0.94)

given sufficient data quantity

(acquisition time �15–25 min,

multiband sequence), quality

and methodology.

Intraindividual distance Distance between optimal

coordinates from data

acquired in the same individual

on different days. Ideally this

distance will be low, indicating

high reproducibility.

How reproducible are

connectivity-guided targets

within individuals over time?

Targets can be reproduced with

a median variation of only

2.2 ± 0.4 mm between scans,

subject to the factors noted

above and using the cluster-

seedmap method.

Interindividual distance Distance between personalized

coordinates across different

individuals. Higher values

indicate better preservation of

individual differences or

reduced accuracy.

How much variation is there

across individuals? Is

personalization justified on

this basis?

Targets scatter broadly across

the spatial extent of the

DLPFC. The median

interindividual distance was

between 16 and 27 mm

depending on methodology.

Ratio of interindividual-to-

intraindividual distance

Ratio between the variation

across individuals to the

variation within individuals.

Ideally this ratio will be high,

reflecting high interindividual

distances (i.e., preservation of

individual differences), and

low intraindividual distances

(i.e., high reliability).

Which method best preserves

individual differences whilst

also providing high

intraindividual reproducibility.

This ratio was highest for the

combined cluster and

seedmap methodology. This

ratio improves as acquisition

time increases.

Intrascan FC The SGC FC value at the optimal

DLPFC coordinate within a

single neuroimaging session.

This value should be negative

as methods were designed to

identify the site of maximal

anticorrelated (i.e., negative)

FC with DLPFC. Values should

remain negative during the

scan session.

Does a selected target maintain

its functional fidelity (i.e.,

negative SGC-FC) during the

scan session?

All methods identified

coordinates that remained

negative throughout the scan.

Interscan FC This metric assesses whether the

target from one scan retains

its functional fidelity (negative

SGC FC) in a scan performed

on a separate day.

Will a selected target maintain

its functional fidelity (negative

SGC FC) over time?

Using appropriate methodology,

the target identified in one

session displayed negative

SGC FC in 100% of individuals

in a second scan.

Other

key

terms

Seedmap method A method to increase the signal-

to-noise ratio of subcortical

structures such as the SGC.

Are the SGC FC maps derived

from seed and seedmap

methodologies genuinely

comparable and how does the

seedmap approach impact the

above metrics?

Seedmap derived SGC FC maps

faithfully reflected seed-based

maps. The seedmap method

improved several measures

and did not result in

homogenization of target

sites.

Cluster threshold DLPFC voxels are ranked in

order of decreasing values of

negative SGC FC. According

to the cluster threshold, only

the top 0.1 to 50% of most

negative voxels are retained,

before clustering. Spatial

precision decreased as cluster

What is the optimal cluster

threshold?

The optimal threshold depends

on data quality and

methodology. The optimal

threshold was 10% and 0.5%

respectively for seed and

seedmap based methods.

(Continues)
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Second, if personalized targeting is justified and does not simply reca-

pitulate a fixed group-average target, the optimal site should exhibit

spatial variation between individuals. Therefore, the distance between

optimal coordinates from pairs of distinct individuals should be larger

than the targeting specificity of TMS (Figure 1b). We refer to this as

the interindividual distance. We thus evaluated the site computed from

each personalization methodology based on the ratio of interindividual-

to-intraindividual distance. At one extreme, a group-level coordinate

(i.e., no personalization) would yield an interindividual distance of zero,

and thus a ratio of zero. At the other extreme, simple, but potentially

unreliable, personalization methodologies based on selection of the

single DLPFC voxel that is most anticorrelated with the SGC would

yield a relatively high intraindividual distance, and thus also yield a

low ratio. A robust personalization methodology should yield low

intraindividual distances (i.e., high reliability) and comparatively high

interindividual distances (i.e., preservation of individual differences),

resulting in a high ratio.

Individualization is sensible only if identified targets reliably main-

tain their functional fidelity over time. To this end, we computed the

percentage of individuals for whom the DLPFC target located in one

scan was a site of negative SGC-FC in a different scan. We also com-

puted intrascan and interscan functional connectivity as follows. After

determining the optimal stimulation target for Session 1 and 2, we

computed the SGC connectivity values at these coordinates within

the same scan (intrascan) and in a separate scan (interscan). Session

1 and 2 values were averaged.

2.6 | Genetic determinants of personalized targets

The contribution of familial relationships to the localization of person-

alized targets was investigated. Specifically, the interindividual dis-

tance between personalized coordinates was computed between twin

pairs, sibling pairs, and 1,000 pairs of unrelated individuals selected at

random. The primary statistical comparison of interest was whether

the proximity between monozygotic (MZ) twin pairs was less than for

dizygotic (DZ) twin pairs, as this contrast indicates a genetic influence

above and beyond environmental factors.

The dataset comprised MZ twins (133 pairs), DZ twins (70 pairs),

non-twin siblings (180 pairs) and unrelated individuals (n = 429). These

individuals were defined as MZ and DZ twins, non-twin siblings and

unrelated individuals based primarily on genotype and familial infor-

mation provided in the HCP dataset. For individuals where genotype

information was unavailable or undefined, status was defined based

on self-report and family coding.

To derive an unbiased result, median interindividual distance data

were computed after first concatenating distance values across clas-

sic, cluster and searchlight methods in combination with the seedmap

approach. Statistical comparisons were also computed for the inter-

individual distance of MZ twin pairs compared to non-twin siblings

and unrelated individuals, using one-tailed tests, on the a priori

assumption that MZ twin pairs would have more similar target coordi-

nates due to their shared genetic and environmental influences, if per-

sonalized targets are non-random.

3 | RESULTS

3.1 | Development and evaluation of
personalization methodologies

3.1.1 | Overview

The topography of SGC functional connectivity across the DLPFC

was consistent within individuals across separate days but highly vari-

able between individuals (Figure 2). Computational methodologies

varied widely in their capacity to pinpoint reproducible personalized

connectivity-guided targets: conventional methods did not perform

better than selecting two points at random within the DLPFC; by

comparison the new methodology described here enabled individual-

ized connectivity-guided stimulation targets to be computed with mil-

limeter precision.

TABLE 1 (Continued)

Term Description Research question Answer

threshold and the resultant

cluster size increased (SI

results).

Smoothing Spatial smoothing involves

running a small Gaussian

kernel across the image to

average the intensities of

neighboring voxels. Spatial

smoothing aims to reduce

random noise from individual

voxels, while retaining real

signal, thereby improving the

signal-to-noise ratio.

Does heavy smoothing facilitate

the identification of optimal

personalized target sites, as

previously proposed?

No, excessive smoothing

introduces a detrimental loss

of spatial information and

specificity. Minimal smoothing

is preferable.
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3.1.2 | Detrimental effect of smoothing

Initial exploration of the effect of smoothing (full width half maximum

[FWHM] kernel sizes 4, 5, 6, 8, 10, 12, 16, 20 mm), demonstrated a

loss of spatial information and specificity in the SGC connectivity map

as FWHM kernel size was increased from 4 to 20 mm that would be

detrimental to target-site personalization (Figure 3). Therefore, subse-

quent analyses, unless otherwise specified, were performed on mini-

mally smoothed data (4 mm FWHM).

3.1.3 | Intraindividual distance

Intraindividual (Session 1 vs. Session 2) distance between coordinates

was lowest (i.e., interscan reproducibility was highest) when using the

combination of cluster and seedmap methodologies (2.2 ± 0.4 mm)

(Figure 4a–c, Table 2), and decreased (i.e., improved) with increasing

acquisition time (SI Figure S1a). Intraindividual seed-derived distances

were halved (i.e., reproducibility doubled) when utilizing the cluster

method, relative to classic and searchlight methods. Critically, the

intraindividual distance for classic and searchlight seed-based

methods was in the range that would be obtained when selecting two

coordinates at random within the DLPFC (>18 mm). The intra-

individual distance of personalized targets between sessions was fur-

ther reduced from 10 to 26 mm for the conventional seed approach,

to the range of 2–6 mm using the seedmap method. The cluster

method reduced the range of intraindividual distances between ses-

sions across the 1,000 individuals, indicating substantially greater

intersession consistency with this method (Figure 4c, SI Figure S3).

3.1.4 | Interindividual distance

Interindividual distance was greater for the seed-based compared to

seedmap approach (SI Figures S2a,b and S3, Table 2). This can likely

be attributed to a lower signal to noise ratio with the seed-based

approach, which is consistent with the lower intersession

reproducibility of the seed-based approach. The broad distribution of

individualized targets across the spatial extent of the DLPFC is illus-

trated for 100 individuals in Figure 5.

3.1.5 | Ratio of Interindividual to Intraindividual
distance

The cluster method performed best at pinpointing individual-specific

sites while maintaining reproducibility across sessions, as indicated by

higher interindividual-to-intraindividual distance ratios (Figure 4d,e,

Table 2). This ratio was also substantially elevated using the seedmap

approach (range 2.68–6.85). The ratio increased with acquisition time

(SI Figure S1b) and reached a maximum at 28 min, at which inter-

individual variation was on average 6.85 times greater than intra-

individual variation between scans, when utilizing cluster and

seedmap methodologies (Figure 4e).

3.1.6 | Interscan and intrascan functional
connectivity at the personalized coordinate

Individualization is sensible only if identified targets maintain their

functional fidelity over time. Notably, personalized DLPFC targets dis-

played negative SGC-FC in 100% of individuals in a subsequent scan

(interscan functional connectivity) when employing the seedmap

approach (Table 2; SI Figures S1d; S2c,d, S3). Similarly, all methods

identified coordinates that remained negative throughout the scan

(intrascan functional connectivity; Table 2; Figure 1c, SI Figure S2e,f).

The negative FC value for optimal coordinates was higher when

employing the seedmap, compared to seed approach.

3.1.7 | Relation to MRI acquisition time

The appropriate scan duration for accurate identification of personal-

ized coordinates is of critical interest. The metrics outlined above

F IGURE 2 Functional connectivity between subgenual cingulate cortex and dorsolateral prefrontal cortex (DLPFC) displayed across the
spatial extent of DLPFC for four representative individuals. Personalized target sites (circled) were computed based on the cluster and seedmap
method. Target sites are highly variable between individuals but are consistent within individuals across separate days. Red and blue denote
DLPFC regions of positive or negative SGC functional connectivity, respectively
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were reported at acquisition times of 14 and 28 min (half and full

duration) and are illustrated at 60 s intervals in SI Figures S1, S4 and

S6. The intraindividual between-scan voxel-wise spatial correlation

(reproducibility) of SGC FC across the spatial extent of the DLPFC

continued to increase with increasing scan duration for the seed

method, but reached an upper maximum around 20 min for the seed-

map method (SI Figure S4). Intraindividual distance and the ratio of

interindividual to intraindividual distance continued to improve with

increasing scan duration, also reaching an asymptote at approximately

20–25 min (SI Figures S1a,b). Measures of functional fidelity

(Interscan and intrascan negative functional connectivity) reached an

asymptote by 14 min (SI Figure S1c,d).

3.1.8 | Parameterization of searchlight and cluster-
based approaches

i. Cluster threshold: Increasing the cluster threshold from 0.1 to

50%, indicates that a greater percentage of voxels are retained

prior to clustering, resulting in larger cluster sizes. Consequently,

with higher thresholds the center of these clusters tends to gravi-

tate toward the center of the DLPFC, resulting in a reduction in

intraindividual and interindividual distance (SI Figure S5). Larger

thresholds were, therefore, observed to increase reproducibility

by increasing target homogeneity within and between individuals,

at the cost of reducing true variation among individuals. As clus-

ter size increases, precision is also reduced, such that the

intrascan and interscan FC become less negative. The optimal

threshold for voxel retention was effectively contingent on data

quality: the best balance of intraindividual and interindividual dis-

tance was evident at a cluster threshold of around 10% for the

seed approach and 0.5% for the seedmap approach. Based on

these data, we employed a cluster threshold of 10% for the seed-

based data and 0.5% for the seedmap data.

ii. Searchlight sphere dimensions: A similar loss of spatial precision is

evident as the searchlight sphere size is increased (see also Fox

et al., 2013). Intrascan and interscan negative FC become less

negative with increasing sphere diameter. Intraindividual and

interindividual distance were optimal around 3–6 mm. Based on

these data (SI Figure S5), we utilized a searchlight sphere diame-

ter of 6 mm.

3.1.9 | Reproducibility at 1 year

Available data for 45 participants who underwent an additional scan

1 year after the first scan session indicate that connectivity-based

TMS target sites remain stable over extended periods of time. These

data were computed only for the seedmap method based on its supe-

rior performance compared to the seed method, outlined above. Tar-

get sites remained stable, with a median intraindividual distance of

2.66 ± 1.19 mm for the cluster approach at an acquisition time of

28 min (Table 2, Figure 6, SI Figure S6). The intraindividual distance

ranged up to 6.00 ± 1.31 mm for the classic method and 3.46 ± 1.22

for the searchlight method at this scan duration. The cluster method

remained the most consistent at pinpointing individual-specific sites

while maintaining reproducibility over time, as indicated by higher

inter-to-intraindividual distance ratios of 5.39 ± 1.22. This ratio was

4.93 ± 0.48 for the searchlight approach and 2.54 ± 0.35 for the clas-

sic method at T28. Importantly, in 100% of individuals personalized

DLPFC targets displayed negative SGC-FC in a subsequent scan

1 year later.

F IGURE 3 Influence of smoothing and comparison of SGC FC maps generated using seed and seedmap methodologies. (a) SGC FC maps are
shown for a single representative participant, computed using either a conventional seed-based approach (top row) or seedmap methodology
(bottom row). The seedmap method generates a faithful representation of the conventional seed-based SGC FC map. Finer details of the SGC FC
map become evident when the seedmap method is utilized, likely because this enhances the signal-to-noise ratio of the SGC. Moving left to right,
increasing the width of smoothing kernels (FWHM 4–20 mm) results in a pronounced loss of spatial information. (b) The group-average SGC FC
map (top row) derived from 2,000 brain scans (session 1 and 2 from 1,000 individuals). The seedmap method can be used to compute an
individual's SGC time series as a weighted spatial average of the fMRI data across all gray matter voxels excluding the DLPFC
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F IGURE 4 Precision of rTMS personalization. Intraindividual distances between personalized targets (illustrated in the inset, a) are displayed
for different methodologies and acquisition times of (a) 14 and (b) 28 min, that is, half and full scan duration (T14, T28). Overall, individual target
site coordinates were most reproducible when using the combination of cluster and seedmap methodologies. Notably, when generating the SGC
FC map using a conventional seed approach, the classic and searchlight methods did not perform better than selecting two points at random
within the DLPFC, even at an acquisition time of 28 min. The intraindividual distance was approximately halved using the cluster approach. The

horizontal line reflects the average distance obtained if two points are selected at random within the DLPFC (n = 1,000). The lower edge of gray
shading represents the lower bound of the 95% confidence interval when two points are selected at random within the DLPFC (denoted as
“Chance”). The red arrow on the y-axis indicates the most recent benchmark for intraindividual accuracy (3.5 cm) for pinpointing individualized
targets across two successive scans (Ning et al., 2019). Intraindividual distance was further reduced to the range of millimeters using the seedmap
approach, and was again lowest for the cluster-based method. (c) Beyond the quantitative reduction in median intraindividual distance (shown in
a and b), the consistency of accurately identifying reproducible targets across the population was substantially enhanced when using the combined
cluster and seedmap methodologies. This is illustrated here by the tighter distribution, lower median and much lower maximum intraindividual
distance between scans. Other methods are shown to generate highly divergent targets between repeat scans for some individuals. (d, e) Ratio
between interindividual and intraindividual distance. This ratio provides a summary measure of the capacity to identify unique individual targets
(interindividual distance) while also reproducibly identifying each target with high intraindividual precision (intraindividual variation). This ratio
reached a maximum of 6.85 for the cluster combined with seedmap approach
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3.2 | Optimized cortical treatment sites are
genetically determined

The interindividual distance for stimulation coordinates was signifi-

cantly shorter between monozygotic twins, compared to dizygotic

twins (p = .008), non-twin siblings (p = 3.2 × 10−5) and unrelated indi-

viduals (p = 1.3 × 10−19) (Figure 7).

4 | DISCUSSION

After 25 years of rTMS treatment for depression, clinical outcomes

still have substantial margin for improvement, since as many as 50%

of treated individuals do not achieve either response or remission

(Brunoni et al., 2017; George, 2010). Mounting evidence now sup-

ports a robust relation between treatment response and network

architecture, with greater benefits presumed to arise from personal-

ized cortical TMS targets (Cocchi & Zalesky, 2018). Nonetheless, it

remained unknown whether it was feasible to pinpoint stable optimal

connectivity-guided targets on an individual basis, and in the absence

of reliable methodology, causal testing of the relation between treat-

ment response and FC has not been possible.

Recent work indicated that the margin of error for defining

connectivity-based DLPFC targets was several centimeters, rendering

treatment personalization effectively infeasible (Ning et al., 2019). We

now demonstrate that it is possible to achieve reliable target selection

with millimeter accuracy. While our novel cluster-based approach pro-

vided substantial advances in intraindividual reproducibility

(Figure 4c), doubling the precision of conventional seed-based meth-

odology (Figure 4b), the final precision achieved here is the strategic

integration of this approach, together with new developments across

preprocessing and noise-extraction strategies (Ciric et al., 2017;

Parkes, Fulcher, Yucel, & Fornito, 2018; Pruim et al., 2015), functional

MRI acquisition (Smith et al., 2013) and signal-to-noise ratio elevation

for subcortical structures (Fox et al., 2013). The capacity to robustly

pinpoint optimal targets in the same individual across repeat scans

with a median accuracy of just over 2 mm represents an important

advance toward the feasible implementation of next-generation

F IGURE 5 Distribution of personalized targets across the spatial
extent of the DLPFC. These are shown for 100 individuals, as
computed using the classic, searchlight, and cluster methodologies
combined with the seedmap approach
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F IGURE 6 Reproducibility of targets after 1 year. These figures
are derived from data for 45 individuals who underwent a repeat scan

365 days after their initial scan. All data were computed using
seedmap methodology. (a, b) Target sites remained highly stable with
acquisition times of 14 and 28 min, as indicated by a median
intraindividual distance between scans that was as low as 2.7 mm for
the cluster method at T28. (c, d) The ratio between interindividual and
intraindividual distance remained high after 1 year reaching a
maximum of 5.39 when the cluster method was applied to compute
personalized targets

F IGURE 7 Personalized treatment sites are under genetic control.
The genetic impact of personalized stimulation sites in the
dorsolateral prefrontal cortex is indicated by increasing median
interindividual distance with diverging familial status. The optimal
stimulation target was most similar for monozygotic twins (MZ), and
diverged increasingly for dizygotic twins (DZ), non-twin siblings
(NT) and unrelated individuals. Symbols represent significance values:
*p = .008; #p = 3.2 × 10−5, Ψp = 1.3 × 10−19
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precision therapy using TMS. This is an order of magnitude more

accurate than the current benchmark of 3.5 cm and approximately

equivalent to the dimensions of a single brain voxel, approaching the

upper limit of 3T MRI spatial resolution. The fact that these targets

remained highly stable, varying by an average of only 2.7 mm in a sub-

sequent scan 1 year later, also represents a significant advance for this

line of translational research.

Interestingly, interindividual variation across target sites was sig-

nificantly mediated by familial genetic and environmental factors

(Figure 6). While this might appear intuitive, prior research proposed

that interindividual diversity at the PFC across microscopic, macro-

scopic and functional levels could be largely attributed to its greater

complexity, relative to unimodal cortical regions, and that “successive
propagation of errors” arising from its later stage of ontogenetic

development might drive individual variation in this region (Fischl

et al., 2008). Moreover, these data provide clear evidence that target

site diversity is not driven by noise, but rather has a clear biological

substrate, further underscoring the neurobiological rationale for

personalization.

Personalization is only worthwhile if interindividual variation is

greater than the variation within individuals. Our findings showed that

personalized stimulation targets not only varied widely across individ-

uals, but also that interindividual spatial variation was greater than

intraindividual variation by a factor of up to 6.85. These data are con-

sistent with recent evidence of unique and stable individual differ-

ences in network architecture (Finn et al., 2015; Fischl et al., 2008;

Gordon, Laumann, Adeyemo, et al., 2017; Horien, Shen, Scheinost, &

Constable, 2019). Critically, beyond spatial specificity, the optimal site

identified by this computational methodology in one scan cor-

responded to a site of negative SGC FC site in a second scan in 100%

of individuals when employing optimal methodology (Table 2). In

other words, the functional fidelity of these targets remained stable

over time.

Connectivity-based target site personalization might be ineffec-

tive if the optimal target site were to shift spatially, either over time

or during a course of rTMS treatment. A few lines of evidence suggest

that FC-based target sites are likely to be stable in both of these

respects. First, personalized targets remained highly stable 1 year fol-

lowing the initial scan, varying by an average of less than 1.5 voxels

(2.7 mm), and SGC FC maps across the spatial extent of the DLPFC

remained highly reproducible (Table 2). Second, in related work, we

found that there were no significant changes in DLPFC-SGC FC in

individuals with treatment resistant depression following a course of

rTMS treatment (Cash, Cocchi, et al., 2020). Some studies have identi-

fied changes in the strength of DLPFC-SGC FC over time, but not in

its spatial topography (Siddiqi et al., 2019; Williams et al., 2018).

Thirdly, the present data indicates that personalized targets are herita-

ble, suggesting that these may be stable over time and under genetic

control.

An important practical consideration is the acquisition time

required to reliably pinpoint individualized TMS targets. All measures

implemented here (i.e., reproducibility of FC, intraindividual interscan

voxel-wise spatial correlation of SGC FC across the spatial extent of

the DLPFC), reproducibility of computed targets (intraindividual dis-

tance), capacity to pinpoint individual-specific sites while maintaining

reproducibility across sessions (ratio of interindividual to intra-

individual distance), and functional fidelity of targets (interscan and

intrascan functional connectivity at the personalized coordinate)) con-

tinued to improve with longer acquisition times, typically only

reaching an asymptote at a scan duration of around 20 min. At this

point the reproducibility of individualized targets also reached the

upper limit of scanner resolution (i.e., a single 2 mm voxel). These

methods therefore provide the capacity to systematically identify

individual-specific connectivity-guided targets with excellent repro-

ducibility within a time-frame that is clinically feasible. While

individual-specific functional network features have recently been

demonstrated (Braga & Buckner, 2017; Finn et al., 2015; Gratton

et al., 2018; Horien et al., 2019), this has largely required many hours

of scan data which is neither practical nor cost-effective for clinical

application. Beyond demonstrating robust intrinsic features of individ-

ual functional network architecture, the capacity to precisely pinpoint

reproducible individual-specific connectivity-guided targets repre-

sents an important milestone with significant translational utility.

An additional technical consideration concerns the influence of

spatial smoothing: recent work recommended larger smoothing ker-

nels (kernel diameter >12 mm) as these yielded higher intraindividual

reproducibility (Ning et al., 2019). Our findings demonstrated a detri-

mental loss of spatial information in the SGC connectivity map with

increasing smoothing kernel size. The previously observed increase in

intraindividual reproducibility with larger smoothing kernels is likely

an incidental consequence of this reduction in spatial specificity. We

recommend minimally smoothed data to reduce loss of spatial infor-

mation as well as spurious shifts in boundaries between gray and

white matter (Coalson et al., 2018).

A final consideration is whether rTMS should be delivered with

greater or lesser spatial focality, and ultimately this can only be resolved

by prospective clinical testing. Less focal stimulation could be achieved

with certain coil designs and could likely be implemented without the

costs and computations involved in target-site personalization. How-

ever, the clinical efficacy of a less focal approach might be com-

promised by concurrent stimulation of regions of positive SGC-FC, and

confounded by a range of other networks impinging on the DLPFC (fig.

3 Gordon, Laumann, Adeyemo, et al., 2017; c.f. fig. 4 Opitz et al., 2016).

A neurobiologically informed personalized precision medicine approach

might convey additional advantages aside from the anticipated gains in

treatment efficacy. RTMS that directly targets relevant neurobiological

connections will likely permit the use of lower stimulation intensities,

potentially reducing side-effects (e.g., headache), increasing safety, and

enhancing tolerability for uncomfortable targets (e.g., orbitofrontal cor-

tex [Downar, 2019]) and the trend toward more intensive accelerated

protocols. In addition, prospective individualized targeting enables

direct and causal validation of whether clinical outcome is causally tied
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to functional network architecture or whether previous observations

were epiphenomenal. Accurate network-based targeting also provides

capacity to accelerate the identification, refinement and robust valida-

tion of TMS targets for other psychiatric, cognitive and movement dis-

orders, and to develop new knowledge around brain-behavior

relationships.

Prospective randomized trials are now warranted to test the clini-

cal superiority of personalization (Cash, Weigand, et al., 2020). We

anticipate that clinical benefits will mirror those recently observed

with deep brain stimulation (DBS). Retrospective studies initially dem-

onstrated a robust relation between network connectivity and DBS

treatment response, whether utilizing connectivity or proximity-based

metrics (Horn, 2019; Horn, Neumann, Degen, Schneider, &

Kuhn, 2017; Horn, Reich, et al., 2017; Horn et al., 2019). Thereafter,

step-wise gains in antidepressant efficacy were seen with a transition

from conventional targeting (Morishita, Fayad, Higuchi, Nestor, &

Foote, 2014), to a single anatomical target defined based on treat-

ment response in a prior cohort (41% response rate at 6 months)

(Holtzheimer et al., 2012) to individualized connectomic based

targeting (73% response rate at 6 months) (Riva-Posse et al., 2018).

Preliminary studies in obsessive compulsive disorder report similar

gains in DBS response rates with connectivity-guided personalized

targeting (Barcia et al., 2019).

Our work aims primarily to develop a method for connectivity-

based target site personalization that is reliable, precise, easy to

implement, and can be flexibly adapted to other targets and respects

interindividual variation. However, it is important to acknowledge that

other forms of personalization have been proposed, both within and

beyond the context of MDD (for review see Cash, Weigand,

et al., 2020). These include targeting hypometabolic regions (Garcia-

Toro et al., 2006; Herwig et al., 2003; Paillere Martinot et al., 2010),

sites identified as functionally relevant or aberrant according to task-

based fMRI (Bystritsky et al., 2008; Luber et al., 2008; Taylor

et al., 2018), and sites other than the DLPFC showing strong FC to

the SGC (Cash et al., 2019; Fox et al., 2012). Several network-based

approaches also deserve attention and could be implemented in a

seedmap-style manner to pinpoint individualized cortical target sites—

these include the DLPFC-rTMS responsive network (Tik et al., 2017),

efficacy-based networks (Fox et al., 2013), symptom-specific net-

works (Siddiqi et al., 2020) and the “depression network” character-

ized by lesion-network mapping (Padmanabhan et al., 2019). Another

option is to parcellate the SGC and DLPFC into functional subunits

prior to defining the optimal stimulation target (Cole et al., 2020;

Williams et al., 2018). We considered a similar option here using

Principal Component Analysis while Cole et al. (2020) implemented a

hierarchical agglomerative clustering algorithm, but ultimately this

step did not appear necessary to achieve high levels of accuracy in

the present pipeline and introduced unnecessary complexity. None-

theless, different methods will have different advantages and this area

will continue to evolve. Lastly, we note that several proof-of-concept

studies have now demonstrated unprecedented rTMS response and

remission rates using connectivity-based targets related to SGC-FC, even

in individuals who previously failed conventional nonpersonalized rTMS

and electroconvulsive therapy (Barbour, Lee, Ellard, & Camprodon, 2019;

Cole et al., 2020; Siddiqi et al., 2019; Williams et al., 2018).

In this rapidly accelerating area of research, we propose that the

reproducibility, functional fidelity, precision, and retainment of individ-

ual differences for personalization strategies be openly documented

prior to clinical implementation (Figure 8). This ensures that the

potential benefits of connectivity-based personalization are meaning-

fully translated into clinical practice. More specifically, it would be

important to demonstrate that a given targeting methodology firstly

generates reproducible targets within a single session and across

repeat sessions; second, that these targets retain their functional

fidelity over time (in this case negative SGC FC), third, that inter-

individual heterogeneity is retained (for example with the cluster

method, this was contingent on cluster threshold, whereby if the

threshold was too high, all coordinates gravitated toward the center

of the DLPFC [Figure 8, 3rd panel]); and fourth, it is worth retrospec-

tively examining whether closer proximity between actual clinically

implemented and proposed individualized targets relates to better

clinical outcome in an existing clinical dataset (e.g., see Cash, Cocchi,

et al., 2020). Finally, it is critical to demonstrate that personalization is

warranted based on an analysis of personalized versus group consen-

sus targets (Cash, Cocchi, et al., 2020).

One limitation of imaging-based targeting strategies is logistics,

time and cost. It would be useful to propose a “best-guess” approach
that could be implemented in the absence of neuroimaging (Beam

et al., 2009; Mir-Moghtadaei et al., 2015). However, in our related ret-

rospective work, we found that clinical outcome in a cohort of individ-

uals with treatment resistant depression was not significantly related

to the proximity between the actual clinical stimulation site and any

previously proposed fixed group target, including those based on a

group-average SGC FC (Cash, Cocchi, et al., 2020). Instead, clinical

outcome was significantly better when individuals were treated closer

in proximity to their personalized connectivity-based targets, com-

puted using the cluster method described above. Moreover, personal-

ized connectivity-based targets were on average 30 mm from the

actual clinically implemented TMS target. This indicates that personal-

ization may be necessary and that a best-guess approach may not suf-

fice to improve treatment response, but this remains to be confirmed

prospectively in larger cohorts. It is also worth noting that at least two

studies have found antidepressant outcomes to be better at the

group-level with more anterolateral stimulation (Cash et al., 2019;

Herbsman et al., 2009), although antidepressant outcomes reported in

preliminary studies using personalized strategies appears to be higher

still (for review see Cash, Weigand, et al., 2020). If MRI-based person-

alization is proven to be warranted in large prospective clinical trials,

then the logistics of clinical translation are likely to be facilitated by

the fact that many rTMS clinics are already situated within health-

centers that have MRI access. The cost of fMRI also appears reason-

able when considering for the total cost of TMS treatment

(McClintock et al., 2018). Cost reductions could be found elsewhere,

for example the duration of rTMS can be reduced to less than 4 min
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by reducing rTMS intertrain interval from 32 to 4 s (Cash et al., 2017)

with equivalent clinical efficacy (Ke et al., 2020; Miron et al., 2019),

and the requisite MRI acquisition time could be reduced by

implementing multi-echo T2* imaging sequences to enhance data

quality and signal-to-noise ratio of subcortical regions (Puckett

et al., 2018).

F IGURE 8 Ideal pathway to
clinical translation. Important aspects
for adoption of target site
personalization are indicated. First,
functional connectivity of the
proposed target should be closely
linked to relevant clinical or
behavioral outcomes. Personalized
targeting is most readily justified

when there is substantial
interindividual variation in relevant
FC spatial topography. Second,
personalized targets should be stable
over time in terms of position and
functional fidelity. Third, it is critical
that any personalization
methodology has the capacity to
preserve underlying differences in
interindividual FC topography—
personalized targets should show a
relatively broad spatial distribution.
The result of ineffective
personalization parameters is
illustrated on the right: if the cluster
threshold is too high, larger clusters
were formed resulting in
individualized coordinates gravitating
toward the center of the DLPFC.
Fourth, if possible retrospective
analysis should be undertaken in an
existing dataset to determine
whether closer proximity between
actual clinically implemented and
proposed individualized targets
relates to better treatment or
behavioral outcomes. At this stage, it
is also critical to demonstrate that
personalization is warranted based
on an analysis of personalized versus
group consensus targets. Finally, the
expense of target site
personalization should be confirmed
in a prospective randomized clinical

trial. Note that each of these aspects
will fail if MRI scan duration is too
short
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4.1 | Conclusion

It appears increasingly likely that a fixed group-level structural target

may not appropriately account for the interindividual functional diver-

sity of the prefrontal cortex. We demonstrate the capacity to robustly

pinpoint unique and stable individualized optimal targets with high

accuracy and reliability. Critically, these targets maintain their func-

tional fidelity over time. These findings provide a strong foundation

and direct capacity for personalized targeting of the DLPFC in rTMS

treatment of depression, with principles likely generalizing and equally

pertinent for other psychiatric disorders in which rTMS is applied.

Future randomized clinical trials will be designed to directly quantify

the advantages of this approach in terms of clinical improvement, but

are beyond the scope of the present investigation. We anticipate that

our work will accelerate research and clinical implementation of

connectivity-based personalized rTMS treatments in depression and

other psychiatric disorders.
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