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ABSTRACT
Higher-order cognitive and affective functions are supported by large-scale networks in the brain. Dysfunction in different net-
works is proposed to associate with distinct symptoms in neuropsychiatric disorders. However, the specific networks targeted by 
current clinical transcranial magnetic stimulation (TMS) approaches are unclear. While standard-of-care TMS relies on scalp-
based landmarks, recent FDA-approved TMS protocols use individualized functional connectivity with the subgenual anterior 
cingulate cortex (sgACC) to optimize TMS targeting. Leveraging previous work on precision network estimation and modeling of 
the TMS electric field (E-field), we asked whether various clinical TMS approaches target different functional networks between 
individuals. Results revealed that modeled homotopic scalp positions (left F3 and right F4) target different networks within and 
across individuals, and right F4 generally favors a right-lateralized control network. TMS coil positions over the dorsolateral 
prefrontal cortex (dlPFC) zone anticorrelated with the sgACC most frequently target a network coupled to the ventral striatum 
(reward circuitry) but largely miss that network in some individuals. We further illustrate how modeling can be used to retro-
spectively assess the estimated targets achieved in prior TMS sessions and also used to prospectively provide coil positions that 
can target distinct closely localized dlPFC network regions with spatial selectivity and maximal E-field intensity. In a final study, 
precision targeting was found to be feasible in participants with Major Depressive Disorder using data derived from a single low-
burden MRI session suggesting the methods are applicable to translational efforts where limiting patient burden and ensuring 
robustness are critical.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any 
medium, provided the original work is properly cited and is not used for commercial purposes.
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1   |   Introduction

Higher-order cognitive and affective functions are supported 
by distributed cortical association networks (Geschwind  1965; 
Goldman-Rakic 1988; Mesulam 1990, 1998). Over the past few de-
cades, human systems neuroscience approaches have yielded im-
portant insights into the organization and functional properties of 
association networks with recent focus on within-individual map-
ping (e.g., Fedorenko et al. 2010; Laumann et al. 2015; Braga and 
Buckner 2017; Gordon et al. 2017; Somers et al. 2021). Leveraging 
the tools of precision neuroimaging to preserve idiosyncratic an-
atomical details in the individual, we recently reported on the in-
tricate pattern of networks across the cortical mantle (and within 
prefrontal cortex) that subserve diverse higher-order cognitive and 
affective functions (Du et al. 2024). What was striking, and con-
sistent with a growing number of reports (e.g., Mueller et al. 2013; 
Seitzman et al. 2019), is how variable functional anatomy is be-
tween individuals. This variability is unlikely to be methodolog-
ical noise as individual estimates of network organization predict 
the topography of functional responses in independent task data. 
Thus, the between-individual differences arise from meaning-
ful idiosyncratic differences in organization between people 
and therefore should be considered in precision approaches to 
neuromodulation.

Neuropsychiatric disorders have been associated with dysfunc-
tion in large-scale cortical association networks (Menon 2011; 
Kaiser et  al.  2015; Williams  2016; Sha et  al.  2019; Tozzi 
et al. 2021; Grot et al. 2024). Moreover, specific patterns of con-
nectivity based on group-level network estimates have been 
variably linked to neuropsychiatric symptoms (Menon  2011; 
Downar and Daskalakis  2013; Xia et  al.  2018); for example, 
autonomic and interoceptive symptoms to the Salience net-
work (Uddin  2015), ruminative symptoms to the Default 
network (Chen et  al.  2020; Zhou et  al.  2020), and affect dys-
regulation symptoms to the Control network (Joormann and 
Vanderlind 2014; Williams 2016). Given the clinical heterogene-
ity of neuropsychiatric disorders, neuromodulation of symptom-
specific networks may yield better therapeutic gains for certain 
indications (Eldaief et al. 2023; Siddiqi et al. 2020; Siddiqi and 
Fox  2023). Importantly, traditional characterizations of func-
tional networks have used estimates derived at the group level, 
averaging across many individuals to boost signal, which un-
derrepresents idiosyncrasies observed in the individual patient 
(Cash et al. 2021; Moreno-Ortega et al. 2020). As such, target-
ing of one network based on group-level estimates may actually 
stimulate a different network in a given individual or multiple 
networks.

Transcranial Magnetic Stimulation (TMS) is an FDA-approved 
treatment for multiple neuropsychiatric disorders, including 
Major Depressive Disorder (MDD), Obsessive Compulsive 
Disorder (OCD), and migraines (e.g., Fox et al. 2012; Eldaief 
et al. 2013; see Perera et al. 2016 and Trevizol et al. 2016 for 
reviews of TMS studies applied to MDD and OCD, respec-
tively). Standard clinical targeting currently relies on anatom-
ical landmarks, for example, ~5 cm anterior to the site where 
the motor threshold is obtained (Pascual-Leone et  al.  1996; 
O'Reardon et al. 2007; George et al. 2010); or modified EEG 
landmarks, for example, left F3 and right F4 from the 10–20 
coordinate system (Herwig et al. 2003; Okamoto et al. 2004) or 
the Beam F3 method (Beam et al. 2009; see also the modified 
Beam F3 method described in Mir-Moghtadaei et al. 2015). As 
such, standard clinical approaches do not account for between-
individual differences in functional network anatomy.

Increasingly, efforts have focused on establishing TMS tar-
gets based on functional neuroimaging (Hoffman et al. 2007; 
Mantovani et al. 2010; Eldaief et al. 2011; Fox et al. 2012; Wang 
et  al.  2014; Santarnecchi et  al.  2018; Nilakantan et  al.  2019; 
Momi et al. 2020; Bagattini et al. 2021; Cash et al. 2021), as 
this has been hypothesized to improve clinical efficacy (Fox 
et  al.  2012; Weigand et  al.  2018). For instance, the acceler-
ated Stanford Neuromodulation Therapy (SNT) TMS protocol 
employs a personalized targeting strategy. The SNT protocol, 
which was recently approved by the FDA for the treatment of 
MDD (Cole et al. 2020, 2022), targets a region of dorsolateral 
prefrontal cortex (dlPFC) anticorrelated to the subgenual cin-
gulate cortex (sgACC). A recent study suggests that SNT alters 
connectivity within a group-level atlas-based estimate of the 
distributed network commonly referred to as the Default net-
work (Gajawelli et al. 2024). In addition, Lynch and colleagues 
demonstrated that group-defined peak sgACC anticorrelation 
coordinates (transformed into individual native space) do not 
target the same functional brain networks across patients 
(Lynch et  al.  2022). We sought to ask the question of how 
networks defined within individuals relate to an individual-
ized anticorrelation-based targeting approach. That is, does 
defining personalized targets based on anticorrelation with 
the sgACC consistently target a specific association network 
within individuals and, if so, which one?

We recently mapped and validated a precision network esti-
mation approach using a novel Multi-Session Hierarchical 
Bayesian Model (MS-HBM) in 15 healthy individuals (Du 
et al. 2024). Here, we leverage this work and recent advances 
in precision network-level TMS targeting (Lynch et al. 2022) 
to evaluate which networks, defined at the individual level 
with precision functional MRI (fMRI), are stimulated across 
individuals when two of the available clinical protocols are 
used: (1) scalp-based landmarking (e.g., left F3 and right F4) 
and (2) personalized sgACC anticorrelation targeting (concep-
tually similar to what is used in the SNT protocol). Further, 
we integrated a protocol for characterizing, at the individual 
level, the spatial selectivity and E-field intensity of personal-
ized TMS network targets in the dlPFC. To do so, we combined 
tools from individualized preprocessing, precision network 
mapping, and electric field (E-field) modeling in an automated 
pipeline with the potential to guide research and clinical neu-
rostimulation decisions. The precision TMS pipeline was first 

Summary

•	 Standard clinical TMS positioning targets different 
networks across individuals.

•	 Individualized fMRI-based TMS variably targets a 
network coupled to reward regions.

•	 Precision TMS tailors coil position to target specific 
functional networks in each individual, and this ap-
proach is feasible and reliable, including in individu-
als with depression.
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implemented in a cohort of 15 intensively sampled healthy 
participants to gain insights on the functional network impact 
of existing clinical TMS protocols and demonstrate the poten-
tial for network-specific TMS targeting. The pipeline was then 
applied to an independent cohort of participants (including 
those with MDD) with fMRI data acquired in a single session 
to prospectively target distinct networks and retrospectively 
estimate network engagement.

2   |   Materials and Methods

2.1   |   Study Design

This study used neuroimaging data from two cohorts of par-
ticipants. The first cohort included 15 intensively sampled 
participants enrolled as part of a broader study of network to-
pography and functional mapping within the individual (Du 
et  al.  2024; Kosakowski et  al.  2024; Saadon-Grosman et  al. 
2024). Participants completed scanning across 8–11 sessions. 
For each participant, networks were estimated within the in-
dividual, and the results were run through the openly available 
Targeted Functional Network Stimulation (TANS) protocol for 
E-field modeling and target optimization (Lynch et  al.  2022). 
Pertinent visualizations and results were automatically com-
piled into a comprehensive TMS planning report for each par-
ticipant. From these precision modeling results, we gleaned 
insights into the networks impacted by common clinical TMS 
strategies as well as the potential to distinctly target side-by-
side networks. The same precision TMS modeling approach 
was applied on an independent cohort of eight participants, 
including four participants with MDD. These participants com-
pleted one baseline scanning session (less than 1 h of fMRI data 
collected) and received repetitive TMS (rTMS; see TMS proto-
col) to the modeled sites across an additional 10 independent 
MRI scanning sessions.

2.2   |   Participants

A first cohort of 15 healthy right-handed adults aged 18–34 years 
(mean = 22.1 years, SD = 3.9 years, 9 female) and a second co-
hort of four healthy adults aged 26–45 years (mean = 34.8 years, 
SD = 7.8 years, 1 female) and four adults with MDD aged 
24–39 years (mean = 33.0 years, SD = 7.0 years, 2 female), repre-
senting diverse racial and ethnic backgrounds (14 non-White 
or Hispanic in total), participated for payment. The first co-
hort of participants is labeled P1–P15, and the second cohort 
of participants is labeled CTL1–CTL4 (adults serving as con-
trols) and MDD1–MDD4 (adults with MDD). Participants 
provided informed consent using a protocol approved by the 
Institutional Review Boards at Harvard University (first cohort 
of participants) and at Mass General Brigham (second cohort of 
participants).

2.3   |   MRI Data Acquisition

For the first cohort, details of the methods have been reported 
previously (Du et  al.  2024) and relevant aspects are repeated 
here. For the second cohort, details of the methods were largely 

the same, with minor differences noted below. All neuroimag-
ing data were collected at the Harvard Center for Brain Science 
using a 3-T Prisma-fit MRI scanner and 32-channel head coil 
(Siemens Healthineers, Erlangen, Germany). Participants were 
monitored closely for motion using Framewise Integrated Real-
time MRI Monitoring (FIRMM; Dosenbach et al. 2017) and for 
alertness using the EyeLink 1000 Core Plus with Long-Range 
Mount (SR Research, Ottawa, ON, Canada).

fMRI data were acquired with a custom multiband gradient-
echo echo-planar pulse sequence provided by the University 
of Minnesota sensitive to blood oxygenation level-dependent 
(BOLD) contrast (e.g., Feinberg et  al.  2010; Xu et  al.  2013): 
voxel size = 2.4 mm, TR = 1000 ms, TE = 33.0 ms, flip-
angle = 64°, matrix 92 × 92 × 65 (FOV = 221 × 221), 65 slices, 
anterior-to-posterior (AP) phase encoding, multislice 5× ac-
celeration. Resting-state fixation runs were collected for each 
participant, during which they fixated on a central black 
crosshair. Each run was 7 min 2 s, with 422 frames; the first 12 
frames were removed for T1 equilibration. P1–P15 completed 
17–24 resting-state fixation runs across 8–11 sessions (~2 per 
session), and CTL1–CTL4 & MDD1–MDD4 completed 16–18 
runs across 9–11 sessions (eight in the first baseline session, 
and one per additional session). To mitigate spatial distor-
tions, dual-gradient-echo B0 field maps were acquired at each 
session (TE = 4.45, 6.91 ms with slices matched to the BOLD 
sequence).

For P1–P15 (first cohort), high-resolution T1-weighted (T1w) 
and T2-weighted (T2w) structural images were acquired based 
on the Human Connectome Project (HCP) sequences (Harms 
et  al.  2018). T1w MPRAGE parameters: voxel size = 0.8 mm, 
TR = 2500 ms, TE = 1.81, 3.60, 5.39, and 7.18 ms, TI = 1000 ms, flip 
angle = 8°, matrix 300 × 320 × 208, 208 slices, in-plane GRAPPA 
acceleration = 2. T2w SPACE parameters: voxel size = 0.8 mm, 
TR = 3200 ms, TE = 564 ms, matrix = 300 × 320 × 208, 208 slices, 
in-plane GRAPPA acceleration = 2. As backup, rapid T1w struc-
tural scans were also collected using a multi-echo MPRAGE 
sequence (van der Kouwe et  al.  2008): voxel size = 1.2 mm, 
TR = 2200 ms, TE = 1.57, 3.39, 5.21, and 7.03 ms, TI = 1100 ms, 
flip angle = 7°, matrix 192 × 192 × 144, 144 slices, in-plane 
GRAPPA acceleration = 4.

For the second cohort, high-resolution T1-weighted (T1w) 
and T2-weighted (T2w) structural images were acquired 
using FreeSurfer sequences. T1w MPRAGE parameters: 
voxel size = 1.0 mm, TR = 2530 ms, TE = 1.69, 3.55, 5.41, and 
7.27 ms, TI = 1100 ms, flip angle = 7°, matrix 256 × 256 × 192, 
192 slices, in-plane GRAPPA acceleration = 2. T2w SPACE 
parameters: voxel size = 1.0 mm, TR = 3200 ms, TE = 564 ms, 
matrix = 256 × 256 × 192, 192 slices, in-plane GRAPPA acceler-
ation = 2. Backup T1w structural scans were collected using a 
multi-echo MPRAGE sequence with the following parameters: 
voxel size = 1.2 mm, TR = 2200 ms, TE = 1.57, 3.35, 5.13, and 
6.91 ms, TI = 1100 ms, flip angle = 7°, matrix 210 x 210 x 192, 
192 slices, in-plane GRAPPA acceleration = 4. One participant 
in the second cohort had the same T1w and T2w sequence as 
used for the first cohort, and another participant had the same 
T2w sequence as used for the first cohort. Due to artifacts in ac-
quisition for one participant, the backup 1.2 mm T1w image was 
used for preprocessing and modeling.
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2.4   |   Data Quality Control

Raw images were uploaded into an instance of the eXtensible 
Neuroimaging Archive Toolkit (XNAT; Marcus et al. 2007), an 
open-source data management and quality control (QC) plat-
form. Automated QC was run including motion traces, slope 
images of drift, estimates of mean and absolute motion, and 
calculation of voxel and slice-based signal-to-noise ratio (SNR). 
MRI images were manually checked for incomplete head cov-
erage, ringing, and ghosting. Exclusion criteria for resting-state 
fixation runs included: maximum absolute motion > 1.8 mm 
and slice SNR < 130. On a case-by-case basis, runs with SNR 
< 130 but > 100 were inspected and kept if motion traces and 
visual inspection showed adequate quality, and one borderline 
resting-state run in the second cohort was included with motion 
of 1.86 mm. Data exclusions were finalized before any further 
analysis. There were a total of 15–24 usable resting-state fixation 
runs (105–169 min of data) in each participant in the first cohort. 
For each participant in the second cohort, there were 5–8 usable 
runs (35–56 min of data) in the single baseline session, and 6–10 
runs (42–70 min of data) in the additional sessions serving as an 
independent replication dataset.

2.5   |   Automated Network Mapping and TMS 
Targeting Pipeline in the Individual

An automated pipeline that integrates each step from MRI 
preprocessing to TMS planning was constructed and is made 
available as an open-source toolkit. It has not been validated for 
clinical use and is provided publicly for research purposes only. 
The toolkit uses openly available software packages for MRI 
data processing and TMS E-field modeling, and steps in the pro-
cessing pipeline were as follows.

(1) MRI Preprocessing. Raw neuroimaging data were prepro-
cessed with an openly available pipeline (“iProc”), which 
minimizes spatial blur and preserves individual idiosyncratic 
anatomy with a single interpolation step for BOLD data (see 
detailed description in Braga et  al.  2019), using tools from 
FreeSurfer (Fischl 2012), FSL (Jenkinson et al. 2012), and AFNI 
(Cox  2012). For the first cohort, preprocessed data were taken 
directly from Du et al. (2024). For the second cohort, data were 
preprocessed as follows: high-resolution T1w and T2w images 
were used for pial and white matter boundary estimation with 
FreeSurfer recon-all. Brain extraction was performed using FSL 
BET. A within-individual mean BOLD template was calculated 
by taking the average of the field map-unwarped middle volumes 
of all runs that were registered to an unwarped, upsampled to 1.2 
mm middle volume from a single run. For each BOLD run, four 
matrices were calculated to (1) align all volumes in a run to the 
middle volume of that run (FSL FLIRT, 12 Degrees of Freedom; 
DOF), (2) correct for geometric distortions caused by susceptibil-
ity gradients using a session-specific B0 field map to unwarp (FSL 
FUGUE), (3) register the unwarped BOLD volume to the within-
subject mean BOLD template (FSL FLIRT, 12 DOF), and (4) reg-
ister data from the mean BOLD template to the T1w native-space 
template, resampled to 1.0 mm (FreeSurfer bbregister, 6 DOF). 
These four matrices were composed into a single transform that 
was applied to raw BOLD volumes in a single interpolation to 
reduce spatial blur. A QC dashboard with the resampled T1w and 

interpolated BOLD images was generated, allowing for extensive 
checking for registration errors through web-based viewing and 
capture in an encapsulated PDF report.

After the single interpolation step, confounding variables in-
cluding six head motion parameters, whole-brain signal, ven-
tricular signal, deep cerebral white matter signal, and temporal 
derivatives as well as the quadratic term were calculated from 
the data (36 parameters; Ciric et al. 2017). In addition, volumes 
with high framewise displacement (defined as > 0.4 mm or > 3 
standard deviations above the mean) were flagged in each run 
and added to the 36-parameter nuisance regression matrix. 
These signals were regressed out (AFNI 3dTproject), then data 
were bandpass filtered at 0.01–0.1-Hz (AFNI 3dBandpass), pro-
jected to the fsaverage6 cortical surface mesh using trilinear 
interpolation, and then smoothed using a 2-mm (for the first co-
hort) / 4mm (for the second cohort) full-width at half-maximum 
Gaussian kernel along the cortical surface (FreeSurfer mri_vol-
2surf and mri_surf2surf).

(2) Within-Individual Cortical Network Estimation. Within-
individual cortical networks were estimated with a 15-network 
MS-HBM (see Kong et  al.  2019; Du et  al.  2024). For the first 
cohort of participants (P1–P15), network estimates were used 
directly from Du et al. (2024). For the second cohort of partic-
ipants (CTL1–CTL4, MDD1–MDD4), networks were modeled 
using resting-state fixation data from the single baseline ses-
sion to inform TMS modeling. Notably, in these participants, 
networks were also estimated using an independent replication 
set of resting-state fixation data from the additional 10 scan ses-
sions to assess reliability. Network estimation steps are summa-
rized here.

Using the available resting-state fixation runs for each indi-
vidual as input, the MS-HBM allocated all fsaverage6 cortical 
surface vertices to one of 15 networks. For each run, the model 
calculated correlations between the time series at each of the 
81,924 surface vertices and 1175 regions of interest uniformly 
spread across the surface. An initial functional connectivity pro-
file was defined as a binarized map of the top 10% of these cor-
relations. The MS-HBM was then initialized with a 15-network 
group-level prior derived from the HCP S900 data release and 
used parameters derived from an expectation–maximization al-
gorithm to estimate network assignments from the functional 
connectivity profiles of the individuals to be mapped. The MS-
HBM was run in groups of five participants to yield network as-
signments for all participants. A dashboard/PDF of eight views 
including frontal, lateral, parietal, and medial, in both hemi-
spheres was generated for QC and visualization.

Critically, to ensure that network estimates were not overly 
driven by model assumptions, a model-free seed region-based 
control check was performed (see Du et al. 2024). Seed region 
correlation utilized a Fisher r-to-z transformed 81,924 × 81,924 
correlation matrix composed from all pairwise correlations be-
tween the fMRI time courses at each surface vertex during each 
resting-state fixation run, averaging across all runs. In addition, 
cortical network estimates derived from the MS-HBM showed 
high reliability across sessions (on average > 80% correspon-
dence of networks estimated using independent data sets within 
individuals), as demonstrated in figures 2–4 of Du et al. (2024). 
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The correspondence of network estimates improved with longer 
scanning times (Du et al. 2024).

The surface-based network estimates were projected back to the 
native-space surface using a series of Connectome Workbench 
(Marcus et  al.  2011; v1.3.2) commands. First, the spherical reg-
istration file for each hemisphere (e.g., lh.sphere.reg) from 
FreeSurfer was converted to a Geometry Interchange Format 
(GIFTI) surface file with wb_shortcuts -freesurfer-resample-prep 
(e.g., lh.sphere.reg.surf.gii). Next, using the spherical registration 
GIFTI file, network estimates in each hemisphere were resampled 
to a high-resolution native space surface file with the “ADAP_
BARY_AREA” method in wb_command -label-resample. With 
this method, native-space network estimates in each hemisphere 
were then resampled to the fsLR-32k space (FreeSurfer, left–right-
symmetric, ~32k vertices; Van Essen et al. 2012), which preserves 
individual cortical details while reducing computational burden 
with 32,492 vertices per hemisphere.

(3) dlPFC Search Space. A custom dlPFC search space, wherein 
individualized stimulation targets were ultimately defined, 
was created separately in both hemispheres. Starting from 
published atlas coordinates for the approximate location of 
Brodmann Area 46 (Fox et al. 2012; Rajkowska and Goldman-
Rakic 1995), a 30 mm-radius spherical region of interest (ROI) 
centered at (−44, 40, 29) in Montreal Neurological Institute 
(MNI) space was created on the left, as well as its homolog on 
the right, centered at (44, 40, 29). The sphere was then shifted 
dorsally to allow for targeting of more networks, with a final 
center at (−34, 40, 36) on the left and (34, 40, 36) on the right. 
These ROIs were projected to the surface, regions in the in-
sula and on the midline were removed, and final ROIs were 
resampled to fsLR-32k space for use in each individual. See 
Figure 4B for the left dlPFC search space in one example par-
ticipant. Note that this pipeline can be used with other search 
spaces.

(4) E-field Modeling of Precision Targeting. The TANS pipeline 
developed by Lynch et al. (2022) was adapted and applied to de-
rive optimal coil positions and orientations to target each net-
work set. Prior to TANS, all individual surface data, including 
network estimates, search spaces, pial and white matter sur-
faces, and sulcal depth maps, were resampled to fsLR-32k space 
(Van Essen et al. 2012).

To begin, a tetrahedral head model including tissue segmenta-
tions was created using each participant's T1w structural image 
(SimNIBS charm; Puonti et al. 2020). Next, a target region was 
identified within the left dlPFC search space. The target net-
work(s) were masked within the search space, and vertices in 
the sulci were removed (thresholded at 0 using the .sulc files 
created by FreeSurfer recon-all) so that only the gyral crowns 
remained. The surface area of each remaining contiguous clus-
ter was calculated, and the final target region was selected as 
the cluster with the largest surface area. After the target region 
was identified, a search grid was constructed on the scalp above 
the target region centroid. This search grid was then uniformly 
subsampled.

At each point in the subsampled search grid, an E-field sim-
ulation was run with SimNIBS (Thielscher et al. 2015) using 

a standardized stimulation intensity (1 A/μs) and coil to scalp 
distance (2 mm), with a MagVenture Cool-B70 coil model 
(MagVenture Inc., Farum, Denmark). At this step, the stan-
dardized stimulation intensity (1 A/μs) from TANS was used 
as E-field strength varies linearly with stimulation intensity; 
thus, it would not affect the optimal coil position (Lynch 
et al. 2022). The optimal coil position was selected from these 
simulations based on an adapted form of the “on-target value” 
specified in Lynch et al.  (2022). In brief, the on-target value 
was defined as the surface area of the target network(s) in the 
E-field thresholded at 99.0%–99.9% (top 0.1%–1% of non-zero 
values averaged across thresholds) divided by the total surface 
area of the thresholded E-field. At the optimal coil position, 
angles at 5° increments were tested, and the optimal orienta-
tion angle was identified to further maximize the “on-target 
value”. The final coil position (represented as the x,y,z coordi-
nates where the coil center should be) and orientation (repre-
sented as the x,y,z coordinates toward which the coil handle 
should point) were saved.

Finally, to characterize optimal “dose” a range of stimulation 
intensities was tested at the optimal coil placement. Assuming 
a neural activation threshold of 100 V/m, suprathreshold E-
field values were quantified for each network at each inten-
sity level, and the level with the highest on-target value was 
recorded.

(5) Spatial Selectivity. For each E-field map, the spatial selec-
tivity for networks was calculated at various thresholds rang-
ing from 99.0% to 99.9% (0.1% increments). For example, at 
threshold 99.5%, the top 0.5% of the non-zero E-field values 
are kept, and the network assignment for each vertex in this 
thresholded map is pooled into a bar plot representing the % 
of vertices in the E-field map that belong to each network. For 
example selectivity plots, see Figures 1 and 2. Each row in the 
plot represents a different threshold, and each color represents 
a different network. This selectivity measure is adapted from 
Lynch et al. (2022).

(6) E-field Intensity. One novel contribution of this effort is a 
systematic measure of E-field intensity supplied to networks. 
This was calculated for each non-thresholded E-field map by ap-
plying an empirical cumulative density function (using R ecdf) 
to the E-field values and quantifying the intensity distribution 
within each network. This measure was motivated by work 
demonstrating high variability in TMS-induced neuronal activa-
tion in nearby neurons with maximal stimulation directly under 
the coil (Romero et al. 2019) and a positive relationship between 
electric field strength and the likelihood of TMS-induced evoked 
potentials (Wang et al. 2024).

Figure 1D shows example intensity plots. Each row in the plot 
represents a different network. For P1–P15, the modeled stimu-
lation dose was calibrated to 120% of the average resting motor 
threshold (MT) for our center's studies (mean MT = 29.2%, 
SD = 5.9% Machine Standard Output; MSO). Thus, the mod-
eled stimulation dose was set at 35% MSO, dI/dt = 48 A/μs for a 
MagVenture Cool-B70 coil.

The following sections describe how the steps above were 
applied to characterize, in terms of selectivity and intensity, 
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the networks targeted by scalp-based landmarking (e.g., 
left F3 and right F4) and by sgACC anticorrelations, as well 
as to prospectively target side-by-side association networks 
in dlPFC.

2.6   |   Left and Right Scalp-Based Targets

To estimate network engagement at the scalp landmarks used in 
current clinical TMS protocols, the “eeg_positions” output from 

FIGURE 1    |     Legend on next page.
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the SimNIBS charm function (v4.0.1; Thielscher et al. 2015) was 
used in each participant P1–P15 to estimate left F3 and right 
F4 coil positions based on the EEG 10–20 Okamoto coordinate 
system (Okamoto et al. 2004) by transforming MNI coordinates 
into native space. SimNIBS coil orientations were calculated by 
rotating the position 45° along the sagittal plane to approximate 
what is used in the clinic. In the motor cortex, the 45° rotation 
ensures the E-field is perpendicular to cortical gyri, and this is 
thought to optimize neural activation (Janssen et al. 2015). E-
field simulations were performed using these coil position/ori-
entation vectors (step 4). Estimated network engagement at left 
F3 and right F4 was then characterized with the precision TMS 
pipeline (steps 5 and 6).

To demonstrate the flexibility of the modeling pipeline, the mod-
ified Beam F3 and 5.5 cm rule (plus homotopic right Beam F4 

and 5.5 cm) coil positions were also estimated by transforming 
published MNI coordinates (Trapp et al. 2020) into individual 
native space with SimNIBS mni2subject_coords. E-field simu-
lations and network characterizations of the stimulation zones 
were carried out as well. This approach can be applied for any 
scalp-based target, either empirically measured or computation-
ally approximated.

2.7   |   Within-Individual sgACC Correlations

Within each participant, a bilateral sgACC ROI was con-
structed using published coordinates in MNI space (Fox 
et al. 2012). The ROI, defined as a 10 mm radius sphere cen-
tered at (6, 16, −10), was reflected along the sagittal plane to 
yield a bilateral ROI and projected to the fsaverage6 surface 

FIGURE 1    |    Left F3 versus right F4 TMS coil positions target distinct networks in a representative participant. Simulation results from one par-
ticipant are shown with positioning of the TMS coil at left F3 and right F4 sites (homotopic scalp locations based on the Okamoto 10–20 EEG coor-
dinate system). (A) Network estimates on the left and right hemispheres of the cerebral cortex are presented. The network composition within the 
association zones varies between hemispheres including within dlPFC. The legend below labels the networks: SMOT-A, Somatomotor-A; SMOT-B, 
Somatomotor-B; PM-PPr, Premotor-Posterior Parietal Rostral; CG-OP, Cingulo-Opercular; SAL, Salience; dATN-A, Dorsal Attention-A; dATN-B, 
Dorsal Attention-B; FPN-A, Frontoparietal Network-A; FPN-B, Frontoparietal Network-B; DN-A, Default Network-A; DN-B, Default Network-B; 
LANG, Language; VIS-C, Visual Central; VIS-P, Visual Peripheral; AUD, Auditory. (B) Maps of the E-field effects are displayed for the left F3 and 
right F4 sites. Blue colors represent lower and red colors higher E-field (V/m) values. (C) Overlap between the maps of the E-field model and network 
estimates quantified at various E-field thresholds are plotted. At left F3, the top 1%–0.1% (99.0%–99.9%) of the E-field includes multiple networks 
without a clear predominant network. At right F4, there is relatively more FPN-B in the E-field, at each threshold. (D) Distribution of E-field intensity 
values across the estimated networks with the modeled stimulation dose set at dI/dt = 48 A/μs. Compared to other networks, models suggest there 
is higher stimulation intensity supplied to FPN-A and CG-OP on the left, and FPN-A and FPN-B on the right. The left hemisphere receives higher 
overall intensity than the right hemisphere.

FIGURE 2    |    Selectivity and intensity for left F3 versus right F4 TMS coil positions quantified in 15 participants. Plots of selectivity and intensity 
illustrate the difference between the modeled effects of scalp landmark-based left F3 and right F4 stimulation on the FPN-B versus SAL networks. 
Each participant is represented by one pair of connected symbols corresponding to the TMS coil placements: Left F3, gray circle; Right F4, black tri-
angle. The left panel displays the selectivity corresponding to the relative % of SAL and FPN-B in the top 0.5% of the E-field. The right panel displays 
the intensity of the highest 25 vertices for FPN-B and SAL (each point is the mean of the highest 25 vertices). While the pairs of connected dots show 
an overall horizontal pattern reflecting that SAL is similarly targeted across hemispheres, the rightward shift for the right F4 estimates indicates that 
FPN-B, a right-lateralized candidate control network, is targeted more by positioning the TMS coil on the right hemisphere. Note also that the degree 
of SAL selectivity and intensity varies between participants considerably for both sites.

 10970193, 2025, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.70266, W
iley O

nline L
ibrary on [28/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



8 of 23 Human Brain Mapping, 2025

(Wu et  al.  2018). The ROI was then masked to exclude ver-
tices with SNR < 20 using individual-specific SNR maps (Du 
et  al.  2024), as the sgACC falls within a region highly vul-
nerable to susceptibility artifacts (Ojemann et al. 1997). This 
ROI was used to generate an sgACC functional connectivity 
map of the cerebral cortex for each individual. Pearson's cor-
relations between the averaged fMRI time series of the sgACC 
ROI and each cortical surface vertex were computed for each 
fMRI run, resulting in a 1 × 81,924 matrix (40,962 vertices per 
hemisphere). The matrices were r-to-z transformed and aver-
aged across runs to yield a mean matrix with high stability. 
These maps were resampled to fsLR-32k space and used to 
identify regions that were negatively (z(r) < 0) correlated to the 
sgACC. Then, an anticorrelation threshold was defined as the 
top 40% of negatively correlated voxels in dlPFC. Thresholded 
sgACC anticorrelations in example participants are shown 
in the first row of Figure S7. The anticorrelated regions were 
used in the E-field modeling of the precision targeting step of 
the precision TMS pipeline (step 4), and estimation of network 
engagement was performed (steps 5 and 6).

The anticorrelation method described above is conceptually 
similar to that applied in the SNT protocol (Cole et al. 2020, 
2022), but not identical, as the SNT algorithm is not publicly 
available (see also Fox et al. 2012). Critically, multiple meth-
ods and thresholds were tested, with little impact on results. 
For example, a liberal approach was tested whereby all neg-
atively correlated regions in dlPFC were considered anticor-
related (z(r) < 0), as well as a strict variant of this approach in 
which only the top 100 vertices were selected as the anticor-
related target region (Figure S8). Both methods yielded sim-
ilar modeling outcomes as the top 40% method. In addition, 
several thresholds—20%, 40%, and 60%—were tested for de-
fining anticorrelations, and this also did not markedly change 
the pattern of results (Figure S9). That is, the results presented 
are robust to a range of parameter choices.

2.8   |   Prospective Network Targeting

The precision TMS pipeline was applied to prospectively target 
individual-specific side-by-side networks in dlPFC. In this study, 
we modeled the targeting of five association networks, grouped 
into three distinct sets: Default Network-A & Default Network-B 
(DN-A & DN-B), Salience & Cingulo-Opercular (SAL & CG-
OP) Networks, and Frontoparietal Control Network-A (FPN-A). 
See Figure  4A,C, for example networks in one participant. 
These networks were selected for their relevance to MDD (e.g., 
Chen et al. 2020; Joormann and Vanderlind 2014; Menon 2011; 
Uddin 2015), and individual networks were grouped based on 
topographical and functional properties. DN-A & DN-B are 
closely interdigitated networks implicated in internal mentation 
and together show “anticorrelation” to networks involved in ex-
ternal orienting (Du et al. 2024; see Buckner and DiNicola 2019 
for review). Within dlPFC, DN-A & DN-B tend to occupy more 
dorsal and medial regions. Moving ventrally, SAL & CG-OP 
are tightly interwoven networks that are linked to adjacent re-
gions in the ventral striatum and ventral putamen (Kosakowski 
et  al.  2025), and respond preferentially to salient targets (Du 
et  al.  2024; Gordon et  al.  2022; Seeley  2019). Finally, FPN-A, 
which tends to be ventral to SAL & CG-OP, is implicated in 

cognitive control and recruited by cognitively demanding tasks 
in a domain-flexible manner (Fedorenko et  al.  2013; DiNicola 
et al. 2023; Du et al. 2024). E-field modeling of precision target-
ing (step 4) and estimation of network engagement (steps 5 and 
6) were performed for each target network set with the precision 
TMS pipeline in both cohorts. In the second cohort, the reliabil-
ity of network engagement estimates at the modeled network 
sites was assessed by replicating E-field modeling (step 4) and 
network engagement estimation (steps 5 and 6) using networks 
derived from independent prospectively acquired fMRI data 
from the 10 additional scan sessions.

2.9   |   TMS Protocol

Repetitive TMS (rTMS) was administered to the modeled net-
work sites in the second cohort of eight participants as part of 
an ongoing broader study to assess the effects of stimulating 
distinct networks in participants with and without MDD. The 
broader study included administering rTMS to the left SAL & 
CG-OP, left FPN-A, and left DN-A & DN-B sites, with the same 
target site stimulated during three sessions in one day. All stim-
ulation sessions used a neuronavigation system (Localite) to 
guide stimulation of the individualized targets (Localite GmbH, 
Bonn, Germany). First, the modeled coil orientation and position 
were input into Localite. Next, the participant's anatomical land-
marks were co-registered to their T1w image. The MagVenture 
Cool-B70 coil was then placed at the modeled site and secured 
with the MagVenture Flex Arm. When needed, minor adjust-
ments were made to the coil position to maximize contact with 
scalp. In cases where the modeled coil orientation had the coil 
handle pointing anteriorly (towards the participant's face), the 
orientation was flipped 180° and the current direction was re-
versed to achieve the equivalent E-field. rTMS was administered 
from the MagVenture MagPro X100 stimulator with an intermit-
tent theta burst protocol using the following parameters: 120% 
resting motor threshold (determined during the first MRI visit), 
three biphasic waveform pulses of 50 Hz stimulation at a rate of 
5 Hz for a total of 1800 pulses per session, 8 s inter-train inter-
val, 580 s total duration of each session. In cases of discomfort, 
the stimulation intensity was reduced to accommodate partici-
pants' comfort on a case-by-case basis. Each target network was 
stimulated over three sessions, with each session separated by 
45–50 min, and fMRI scans following the second and third ses-
sions. Stimulation markers including the exact position of the 
coil center and orientation as well as the delivered dose were 
recorded by Localite. For each session, the average position, ori-
entation, and dose were calculated and carried forth to E-field 
modeling using SimNIBS to retrospectively assess the reliability 
of the TMS coil placement and to estimate achieved network se-
lectivity and intensity.

2.10   |   Software and Statistical Analysis

Neuroimaging data storage and initial data quality assessment 
were conducted on XNAT (Marcus et  al.  2007; https://​www.​
xnat.​org/​). Preprocessing (iProc; see https://​github.​com/​harva​
rd-​nrg/​iProc​) used tools from FSL v5.0.4, FreeSurfer v6.0.0, and 
AFNI v16.3.13. Functional connectivity values were computed 
with MATLAB v2019a. The MS-HBM was implemented from:
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https://​github.​com/​Thoma​sYeoL​ab/​CBIG/​tree/​master/​stable_​
proje​cts/​brain_​parce​llati​on/​Kong2​019_​MSHBM​. The TANS 
pipeline was implemented and adapted from: https://​github.​
com/​cjl20​07/​Targe​ted-​Funct​ional​-​Netwo​rk-​Stimu​lation. Head 
models and E-field simulations were calculated with SimNIBS 
v4.0.1. Visualizations of networks, correlation maps, target re-
gions, and E-field maps in fsLR-32k space utilized Connectome 
Workbench v1.3.2. Selectivity and intensity plots were created 
using R ggplot2 (v4.2.2), and statistical analyses were conducted 
using R. The precision TMS pipeline descibed here, which in-
tegrates the tools above and further generates a TMS planning 
report, is available on GitHub: https://​github.​com/​buckn​erlab/​​
Preci​sionT​MSPla​nning​.

3   |   Results

We first show how scalp landmark-based and sgACC 
anticorrelation-based TMS targeting influence distinct and 
multiple networks with variability between individuals. Then 
we present the TMS planning report from the automated, in-
tegrated pipeline that can be used to optimize coil positions 
to target specific networks within the brain of an individual. 
Finally, we present the results of applying this pipeline to target 
association networks that are near to one another within dlPFC 
to illustrate the potential of precision TMS targeting of net-
works with high selectivity and intensity, and further demon-
strate that this targeting is feasible and reliable in a cohort of 
participants (including those with MDD) receiving real-world 
TMS with less than one hour of fMRI data acquired in a single 
session.

3.1   |   Homotopic Scalp Landmark-Based dlPFC 
TMS Coil Placements Target Different Sets 
of Networks Within and Across Individuals

Left F3 and right F4 scalp positions are routinely used as 
dlPFC targets to treat MDD in TMS clinics. Precision map-
ping shows that the homotopic left F3 and right F4 TMS coil 
placements target different sets of networks to various extents 
within each participant. Figure 1A shows network estimates 
in one example participant, and Figure 1B shows the E-field 
from placing the coil at left F3 and right F4 with a 45° angle 
(relative to the sagittal plane). Figure 1C quantifies the propor-
tion of overlap between the E-field map, thresholded to the top 
1%–0.1%, for each network as a measure of spatial selectivity 
(Lynch et al. 2022). Further, as a measure of E-field intensity 
(Figure 1D), the distribution of the E-field magnitude within 
each network is shown.

In this example participant, described in detail to make clear 
the challenges and opportunities of personalized modeling, no 
single network is selectively targeted. The top 0.5% of the left 
F3 E-field overlaps with the Salience (SAL) Network at 21.2%, 
and the Frontoparietal Control Network-B (FPN-B) at 8.4%. By 
contrast, at right F4, the top 0.5% of the E-field overlaps with 
SAL at 13.8% and FPN-B at 39.1%. The intensity plots suggest 
that the networks modeled to receive the highest stimulation in-
tensity were the Frontoparietal Control Network-A (FPN-A) and 
the Cingulo-Opercular (CG-OP) Network at left F3, and FPN-A 

and FPN-B at right F4, with overall higher intensity stimulation 
on the left compared to the right. While the top 0.5% of the E-
field at left F3 targeted SAL and the Default Network-B (DN-B) 
to similar extents as FPN-A and CG-OP, only FPN-A and CG-OP 
were exposed to the highest stimulation intensity. These details 
are missed when only considering selectivity. At right F4, FPN-B 
and FPN-A were the networks that overlapped the most with the 
top 0.5% of the E-field and were also the networks modeled to 
receive the highest stimulation intensity.

Mirroring Figure  1, the modeling results for the same partici-
pants are presented for the modified Beam F3 site and the ho-
motopic right Beam F4 site (Figure S1), as well as following the 
5.5 cm rule (Figure S2), illustrating the flexibility of the modeling 
pipeline. Overall, the Beam F3/F4 results are similar to those for 
10–20 F3/F4 in terms of both selectivity and intensity. By con-
trast, the 5.5 cm selectivity and intensity results are distinct, with 
the E-field intersecting more (spatially and intensively) with 
DN-A and DN-B on the left and FPN-B on the right.

On average across the 15 participants in the first cohort, at the 
top 0.5% of the E-field, left F3 most selectively targeted SAL 
(23.6%) and CG-OP (18.2%) and right F4 most selectively tar-
geted SAL (26.3%) and FPN-B (22.1%). Notably, FPN-B was tar-
geted with twice as much selectivity on the right (22.1%) versus 
the left (9.1%). Figure  2 shows that SAL is targeted similarly 
in terms of selectivity (at top 0.5% of the E-field) and maximal 
intensity (average of top 25 vertices) regardless of the hemi-
sphere stimulated. However, FPN-B is generally targeted to a 
larger extent when the coil is positioned at right F4 compared 
to left F3. These selectivity and intensity patterns are similar 
for Beam F3/F4 (Figure  S3). Compared to 10–20 F3/F4 and 
Beam F3/F4, SAL is targeted less selectively and intensively 
by the 5.5 cm rule, while FPN-B is targeted more selectively 
(Figure S4).

Modeled selectivity is characterized for each network in 
Figure S5, which displays the selectivity (top 0.5% of E-field) of 
each scalp-based method, averaged across 15 participants. As 
noted above, the selectivity profiles of 10–20 F3/F4 and Beam 
F3/F4 are similar. However, the 5.5 cm rule shows a different 
pattern, with DN-B and FPN-B as the networks with the highest 
selectivity on the left and right, respectively.

3.2   |   The sgACC Anticorrelation Strategy 
Frequently Targets the Salience Network but Not 
Consistently Across Participants

Within-individual precision modeling revealed several insights 
about the zone of impact and potential therapeutic targets of the 
sgACC anticorrelation strategy. The sgACC correlation maps 
are consistent with previous findings showing that externally-
oriented networks including Dorsal Attention-A (dATN-A) are 
anticorrelated to higher-order association networks involved in 
various aspects of internal mentation including DN-A & DN-B 
(Fox et al. 2005; Buckner and DiNicola 2019). In general, within 
left dlPFC, CG-OP, SAL, and dATN-A were most strongly an-
ticorrelated to the sgACC. FPN-A and LANG were neutral or 
modestly anticorrelated. On the other hand, DN-A, DN-B, and 
FPN-B were positively correlated to the sgACC (see Figure S6A). 
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That is, the correlated and anticorrelated regions (Figure S6B) 
each contained representations of multiple distinct association 
networks.

Figure S7 demonstrates the sgACC anticorrelation strategy and 
networks in the anticorrelated target region for three example 
participants. The first row shows thresholded sgACC anticor-
relations. The sgACC anticorrelated target region was defined as 
the largest contiguous anticorrelated patch on gyral crowns in 
dlPFC (Figure S7 second row). The networks falling within the 
anticorrelated target region were variable across participants, as 
shown in Figures 3A and S7 (third row). On average across par-
ticipants, SAL composed 29.8% of this target region, with CG-
OP at 32.7%, FPN-A at 18.6%, and dATN-A at 12.6% (Figure 3A). 
In contrast, DN-A, DN-B, and FPN-B each composed < 1.0% of 
the anticorrelated target region. Thus, while the sgACC anticor-
relation approach avoids positively correlated networks (DN-A, 

DN-B, FPN-B), it does not consistently target a specific network 
in each individual.

The modeled spatial selectivity and E-field intensity at the op-
timal coil placement for the anticorrelated target was exam-
ined. For all 15 participants in the first cohort, the network 
targeted with the highest selectivity (at top 0.5% of E-field) 
was determined: for 8/15, it was SAL (range: 25.9%–52.2%; 
see Figure S10 for representative participant), for 5/15, FPN-A 
(range: 23.0%–49.8%; see Figure S11 for representative partici-
pant), and for 2/15, CG-OP (range: 19.5%–42.8%). Overall, across 
participants, the networks targeted with the highest selectivity 
were SAL (mean: 25.2%), FPN-A (mean: 23.0%), and CG-OP 
(mean: 18.8%). In addition, the network targeted with the high-
est intensity (average of top 25 vertices) was SAL for 6/15 par-
ticipants (range: 54.3–69.7 V/m), FPN-A for 4/15 participants 
(range: 59.4–67.4 V/m), CG-OP for 3/15 participants (range: 

FIGURE 3    |    The sgACC anticorrelation strategy targets multiple networks with variability between individuals. Plots illustrate two facets of the 
sgACC anticorrelation targeting strategy. (A) The region targeted by the sgACC anticorrelation contains subregions linked to multiple distinct net-
works. The plot displays the % of vertices in each network within the anticorrelated target region in 15 participants, with each bar representing the 
mean for a single network and the circles representing individual participants. The sgACC anticorrelated target region variably includes SAL, CG-
OP, FPN-A, and dATN-A network regions. Note specifically the marked variability between individuals in the degree to which the SAL network is 
included. (B) Selectivity and intensity at the individualized sgACC anticorrelated target are quantified and plotted. Circles represent the 15 individual 
participants. The left panel shows selectivity of the anticorrelated target, quantified as relative % of FPN-A versus SAL within the thresholded E-field 
(top 0.5% of values). The right panel shows the maximal intensity (mean of the 25 highest values) at the anticorrelated target for FPN-A versus SAL. 
The five highlighted participants (1–5) demonstrate that the degree of selectivity does not always predict the values for maximal intensity.
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59.3–81.2 V/m), and dATN-A for 2/15 participants (range: 62.0–
65.0 V/m). Across participants, the networks targeted with the 
highest intensity were CG-OP (mean: 59.2 V/m), SAL (mean: 
58.0 V/m), and FPN-A (mean: 57.5 V/m).

Figure 3B shows, for all 15 participants in the first cohort, the 
relative proportion of SAL and FPN-A in the E-field thresh-
olded at top 0.5% and the estimated maximal intensity in 
these networks. Five participants are highlighted across the 
plots. In this sample, the degree of selectivity at the top 0.5% 
of the E-field does not always correspond with the maximal 
stimulation intensity received by each network, highlighting 
the need to consider both metrics. For example, highlighted 
participants 1 and 2 show selectivity for SAL (52.2% for par-
ticipant 1% and 41.1% for participant 2) versus FPN-A (11.1% 
for participant 1% and 13.1% for participant 2), but a narrower 
difference in the maximal intensity received by each network 
(participant 1: SAL = 60.1 V/m, FPN-A = 50.4 V/m; partici-
pant 2: SAL = 60.1 V/m, FPN-A = 46.3 V/m). Participants 4 
and 5 show the opposite network pattern but a similar con-
trast between selectivity and maximal intensity. These two 
participants demonstrate moderate selectivity for FPN-A and 
a narrower difference in maximal intensity received by FPN-A 
versus SAL & CG-OP. Participant 3 has low selectivity at the 
top 0.5% E-field (10.4% for SAL, 20.5% for FPN-A) and a rela-
tively high maximal intensity in both networks (64.4 V/m for 
SAL, 69.3 V/m for FPN-A).

Overall, these plots suggest a higher separation between net-
works in terms of their exposure to the top 0.5% of the E-field 
(i.e., selectivity) but a lower separation in the maximal intensity 
received by each network, with some individuals showing a low 
degree of specificity across both measures. Furthermore, both 
selectivity and intensity patterns remain similar when compar-
ing between multiple variations of the anticorrelation strategy 
(Figures S8 and S9).

3.3   |   Automated Within-Individual Network 
Mapping and TMS Planning Report

To support precision network targeting in research settings and 
eventually the clinic, we integrated individualized preprocess-
ing, MS-HBM network estimation, TANS E-field optimization 
(Lynch et al. 2022), and characterization of network engagement 
into a cohesive pipeline. Critically, in this pipeline, pertinent re-
sults and visualizations are automatically compiled into a com-
prehensive TMS planning report. An example report is available 
in Figures S12–S17. This specific report presents precision tar-
geting results for left FPN-A, left SAL & CG-OP, left DN-A & 
DN-B, and right SAL & CG-OP, but can be adapted to other net-
work targets or combinations of networks.

An adapted view of the first page of the report is displayed in 
Figure 4. The first report page includes network parcellations, 
coordinates for the optimal coil position and orientation, target 
regions, E-field maps at the optimal coil placement, selectivity 
plots, and intensity plots (Figure S12). The second page of the 
report includes scalp views showing selectivity for the target 
within the full search grid, and at each orientation for the op-
timal coil position (Figure S13). This allows TMS operators to 

make adjustments due to real-world constraints such as partic-
ipant comfort and coil contact with the scalp. The third page of 
the report shows bilateral medial and lateral views of the E-field 
maps for each target, allowing for visualization of the spread of 
the E-field across the cortex (Figure S14). The fourth page shows 
how the target regions are selected on the inflated pial surface, 
with intermediate steps including search space masking, sulcal 
depth thresholding, and selection of the target network patch 
(Figure S15). This allows for quality control of the target region 
as well as visualization of alternative targets should the primary 
region not be feasible or ideal. The fifth and sixth pages of the 
report display the modeled optimal dose for each target network, 
assuming a neural activation threshold of 100 V/m (Figures S16 
and S17).

3.4   |   Distinct Juxtaposed Functional Networks 
Can Be Targeted Within dlPFC Using Precision 
Modeling

Precision TMS targeting of three sets of these networks, inter-
digitated within the left dlPFC and thought to be involved in 
MDD, was initially tested in a cohort of 15 participants with 
extensive fMRI data collected over multiple sessions. The 
real-world applicability of this modeling approach was further 
demonstrated in an independent cohort of eight participants 
with less than 1 h of fMRI data acquired in a single session, in-
cluding four participants with MDD. In both cohorts, the mod-
eled selectivity of the stimulation for each target network (% On 
Target for the top 1%–0.1% of the E-field) and the distribution of 
the intensity within each network were estimated. In the second 
cohort, which received TMS to the modeled network sites, the 
achieved selectivity and intensity were estimated across multi-
ple TMS sessions per target.

Precision targeting of the three network sets of interest is il-
lustrated in Figure  4 in one example participant. After the 
networks were estimated for this participant (Figure 4A), the 
largest contiguous cluster of the target network on the gyral 
crowns of the left dlPFC (entire ROI shown in Figure 4B) was 
identified for each of the three target network sets (Figure 4C). 
The E-field at the optimal coil placement for each target is 
displayed (Figure  4D). The proportion of overlap between 
the E-field map thresholded at various levels (top 1%–0.1%) 
and each network was then estimated as a measure of selec-
tivity (Figure  4E). The distribution of the E-field magnitude 
was quantified within each network as a measure of intensity 
(Figure 4F).

The simulations in this participant showed a high degree of 
selectivity across the three network sets of interest. Each tar-
get network set comprised more of the top values of the E-field 
map relative to other networks, regardless of the threshold. 
The alignment between the top 0.5% of the E-field map and 
the target network was 49.5% for FPN-A, 79.8% for SAL & CG-
OP, and 83.2% for DN-A & DN-B (Figure 4E). Further, when 
considering intensity (Figure  4F), the distribution of the E-
field magnitude within each network shows that each target 
network set would receive the highest E-field strength among 
the higher-order networks. It is important to note that there 
is still uncertainty about the E-field magnitude required to 
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12 of 23 Human Brain Mapping, 2025

activate neurons in different regions of association cortex. As 
a result, network-specific targeting needs to consider both se-
lectivity and intensity. In this example, at the same stimulation 
dose, despite higher selectivity at the SAL & CG-OP and DN-A 

& DN-B optimized coil placements, network engagement may 
be higher at the FPN-A optimized coil position because its lo-
cation exposes it to a higher intensity compared to the other 
two network sets.

FIGURE 4    |     Legend on next page.
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Among the first cohort of 15 intensively sampled participants, 
differential targeting of at least two distinct network sets was 
theoretically possible in most participants. The left column of 
Figure 5 shows the relative proportion of each pair of network 
sets in the E-field map thresholded at the top 0.5%. For each in-
dividually optimized coil placement, the top 0.5% of the E-field 
predominantly overlaps with the target network set. Specifically, 
the estimated degree of selectivity (i.e., % On Target) was > 50% 
for 15/15 participants for the DN-A & DN-B networks, 8/15 for 
the SAL & CG-OP networks, and 4/15 for the FPN-A network 
(Figure 5 left). The mean proportion of the E-field map thresh-
olded at the top 0.5% overlapping with the target network was 
76.0% (SD = 11.8%) for DN-A & DN-B, 53.2% (SD = 16.3%) for 
SAL & CG-OP, and 38.8% (SD = 15.1%) for FPN-A. The mean 
proportion of the E-field map thresholded at the top 0.5% over-
lapping with the non-target networks (e.g., FPN-A and DN-A & 
DN-B when the target is SAL & CG-OP) was 4.2% for DN-A & 
DN-B, 24.5% for SAL & CG-OP, and 22.2% for FPN-A.

While network-specific stimulation was estimated to be possible 
in most participants, various degrees of selectivity were found 
across network sets and participants. This suggests that variations 
in cortical geometry may lead to different capacities for preci-
sion TMS targeting. Notably, the degree of selectivity was signifi-
cantly correlated with the target cluster size for FPN-A (r = 0.81, 
p < 0.001) and SAL & CG-OP (r = 0.87, p < 0.001), but not for 
DN-A & DN-B (r = 0.45, p = 0.09). This is likely the result of the 
FPN-A and SAL & CG-OP target clusters being smaller and more 
interdigitated than the corresponding DN-A & DN-B target clus-
ters. These results thus indicate the necessity of large accessible 
network regions in the dlPFC for maximal selectivity in network 
targeting, replicating the findings in Lynch et al. (2022).

Further, motivated by findings from single-cell neurophysiol-
ogy (Romero et al. 2019), which suggest that the effect of TMS 
stimulation is focal to the neurons receiving the highest inten-
sity stimulation under the coil, we quantified the highest inten-
sity delivered to target versus non-target network sets (Figure 5 
right). In this sample, at a pre-defined TMS stimulation dose of 
35% MSO (dI/dt = 48 A/μs), when the coil placement was indi-
vidually optimized to target DN-A & DN-B, the average maxi-
mal intensity (top 25 vertices) was 60.1 V/m for DN-A & DN-B, 
29.0 V/m for FPN-A, and 36.7 V/m for SAL & CG-OP. These 
results indicate a clear separation between the target and non-
target network sets in their simulated exposure to E-field energy. 

However, the differential intensity received was less when the 
coil was optimized to target the other two network sets of in-
terest. When SAL & CG-OP was the target, the average maxi-
mal intensity (top 25 vertices) was 64.1 V/m for SAL & CG-OP, 
48.5 V/m for FPN-A, and 48.2 V/m for DN-A & DN-B. When the 
coil position was optimized to target FPN-A, the estimated max-
imal intensity was on average 67.3 V/m for FPN-A, 55.6 V/m for 
SAL & CG-OP, and 47.1 V/m for DN-A & DN-B. Therefore, while 
models suggest that in most participants the three network sets 
could be targeted with relatively high selectivity (within the lim-
its of TMS resolution), this targeting may still expose regions of 
the non-target networks to similar magnitudes of intensity in 
some participants.

3.5   |   Functional Networks Can Be Reliably 
Estimated Using a Low-Burden Single Session 
of MRI Data

Precision network estimation in the second cohort of eight par-
ticipants (4 MDD) was feasible and reliable with less than 1 h of 
fMRI data. In all of these participants, model-free seed-region 
correlations were consistent with model-based network par-
cellations. Furthermore, to assess the reliability of the network 
estimates derived from data acquired within a single session, a 
prospective replication was performed using the additional 10 
sessions of fMRI data prospectively acquired within each par-
ticipant to independently model the networks. Figure 6 shows a 
side-by-side comparison of the higher-order networks targeted 
by TMS, estimated from the two independent datasets in four 
representative participants (including two participants with 
MDD). This visualization utilizes the flattened cortical view 
described in Du et al. (2024; see figure 16). For reference, both 
inflated and flattened cortical views are available for one ex-
ample participant in Figure  S18. In each participant, network 
estimates were strikingly similar between the independent 
datasets. Similar comparisons are provided for all participants 
in Figures S19 and S20 for CTL1–CTL4 and Figures S21 and S22 
for MDD1–MDD4.

To illustrate the utility of the single-session data, precision 
targeting of the three network sets of interest is illustrated in 
Figure  7 in one representative participant with MDD. In this 
participant, each modeled target displayed preferential selec-
tivity for the intended networks (Figure 7E). In addition, each 

FIGURE 4    |    Precision network mapping and E-field modeling can be prospectively applied to target networks in individuals. Adapted views from 
the report generated by the precision TMS pipeline are displayed for one typical participant. (A) Network estimates are displayed on the native-space 
surface with colors denoting distinct networks. The network colors are the same as in Figure 1. (B) The dlPFC region used to constrain the search 
space for target selection is displayed in green. Note that the region overlaps with many distinct networks in panel A. (C) The largest continuous 
cluster on a gyral crown within dlPFC is selected for each of the targets (highlighted in black) on top of the target network estimates shown in color. 
Note that an isolated network (e.g., FPN-A, left) or network pairs (e.g., DN-A & DN-B, right) can be set as targets, which illustrates the flexibility 
of this approach. (D) The E-field map corresponding to the best coil placement for each target is shown. Blue colors represent lower and red colors 
higher E-field (V/m) values. (E) The overlap between the E-field map and estimated networks is quantified at multiple thresholds (99.0%–99.9%). This 
participant demonstrates high spatial selectivity for each of the targets that increases as the thresholds increase. (F) Plots show the distribution of E-
field values within networks, with the modeled stimulation dose set at dI/dt = 48 A/μs. Values on the right of the plot indicate high E-field intensity, 
which is theoretically supplied to FPN-A in this participant, but not SAL & CG-OP or DN-A & DN-B. The E-field intensity plot considers all vertices 
in the cortex including those at depth and those outside the search space. It thus represents the estimated stimulation effect for the TMS site and is 
independent of search space and target selection assumptions.
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14 of 23 Human Brain Mapping, 2025

FIGURE 5    |    Hypothetical spatial selectivity and E-field intensity achievable in 15 participants. Plots display the modeled spatial selectivity and E-
field intensity that is achieved by optimizing coil positions within individuals. Each pair of connected symbols represents one participant, and colors 
correspond to the optimal TMS coil placement for distinct networks: FPN-A, orange; SAL & CG-OP, purple; DN-A & DN-B, maroon. Left panels show 
the selectivity (relative % in the E-field at the top 0.5% of values); right panels show the maximal intensity of the highest 25 vertices (each point is the 
mean of the highest 25 vertices). The top row compares FPN-A versus SAL & CG-OP; the middle row compares FPN-A versus DN-A & DN-B, and the 
bottom row compares SAL & CG-OP versus DN-A & DN-B. Overall, there is clear separation in selectivity between the optimized coil positions, such 
that the coil placed at the target network(s) is more selective for the target than non-target network(s). This is also observed for maximal intensity, 
though the separation is narrower again reminding that the effects of selectivity and intensity can be distinct, and both should be taken into account.
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target network set was modeled to receive the highest E-field in-
tensity among the higher-order networks (Figure 7F).

As a final reliability check, the estimated spatial selectivity 
and E-field intensity received by the networks derived from the 
baseline session were compared to those received by networks 
derived from the 10 independent scan sessions. Specifically, the 
optimal TMS coil positions from the single baseline dataset were 
used to simulate E-field estimates on the networks defined from 
the 10 sessions of independent data, and vice versa, to calculate 
modeled selectivity and intensity between data acquisitions. In 
the vast majority of cases, both approaches yielded similar se-
lectivity (Figure  S23) and intensity (Figure  S24) values across 
both healthy and MDD participants. Thus, estimates of spatial 
selectivity and E-field intensity at each individualized target 
were reliable across independent datasets.

3.6   |   Distinct Juxtaposed Functional Networks 
Can Be Targeted Using Actual TMS Site Locations in 
Patients

Modeling indicated that preserved selectivity and intensity could 
be achieved using data from real-world TMS sessions in controls 
and also in participants with MDD. Specifically, across all partic-
ipants of the second cohort, selectivity was estimated when using 
actual location coordinates from TMS administration (Figure 8 
left). Separation was consistent across multiple TMS sessions 
within each participant. These estimates mirror the hypothetical 
estimates from the first cohort (Figure 5), which underwent more 
intensive multi-session fMRI sampling, and the coordinates were 
assumed but not obtained in real participants.

However, using actual TMS coordinates yielded lower modeled 
selectivity in some individuals for FPN-A and SAL & CG-OP 
due to more interdigitated representations of these networks in 
dlPFC or discomfort during TMS at the prescribed targets. For 
the latter situation, coil placement was adjusted in the vicinity 
of the initial coil placement on a case-by-case basis to reduce dis-
comfort while maintaining maximal network targeting, guided 
by the selectivity metrics of the automated report (Figure S13).

Furthermore, at 120% of each participant's motor threshold, 
the modeled maximal intensity (top 25 vertices) received by the 
target and non-target network sets demonstrated a clear separa-
tion in their estimated exposure to E-field energy during actual 
TMS sessions (Figure 8 right). In addition, the modeled degree 
of network selectivity and intensity remained consistent across 
repeated TMS sessions, with intensity showing slightly higher 
inter-session variability than selectivity (Figure 8).

4   |   Discussion

The present study advances our understanding of TMS targeting 
by combining individualized precision network mapping and E-
field modeling. Our findings first characterize potential thera-
peutic targets in current clinical TMS protocols at the network 
level within individuals. We then demonstrate the feasibility 

FIGURE 6    |    Higher-order network estimates from a single MRI 
session are replicated in independent multi-session data. Networks 
targeted by TMS, as shown here, were modeled using a single ses-
sion of data (left) versus prospective data independently acquired 
over 10 sessions within the same individuals (right). The legend be-
low labels the networks: CG-OP, Cingulo-Opercular; SAL, Salience; 
FPN-A, Frontoparietal Network-A; DN-A, Default Network-A; DN-
B, Default Network-B. The black outline region in each panel is the 
target SAL/CG-OP region used for TMS targeting as estimated from 
each individual's single-session baseline acquisition (left). The exact 
region outline is projected and shown on the independent network 
estimates from the prospective data (right). Note that the network 
estimates are quite stable between the independent data samples 
and further that the SAL/CG-OP target region estimated solely from 
the single-session data predicts extremely well the location in the 
independent data. Similar results are shown for all participants in 
Figures S19 and S21.
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FIGURE 7    |     Legend on next page.
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and reliability of using precision TMS modeling to target dis-
tinct functional networks within the dlPFC with preferential 
spatial selectivity and E-field intensity, even when the networks 
are near to one another and variable between individuals. The 
results suggest precision TMS modeling can be used to explore 
both the prospective and the retrospective functional network 
engagement of TMS targets within and between individuals.

4.1   |   Within- and Between-Individual Variability 
in Standard Clinical Scalp Landmark-Based TMS

The present within-individual analyses converge with prior 
work using group-based network estimates to show that multi-
ple networks might be stimulated by using standard clinical tar-
gets (Harita et al. 2022; Cardenas et al. 2022). Our results further 
highlight the variability between individuals and hemispheres. 
For example, several clinics employ left versus right scalp-based 
targets depending on whether a patient's presenting symptoms 
are predominantly anhedonic or anxiosomatic, respectively 
(Cirillo et  al.  2019; Diefenbach et  al.  2016; Siddiqi et  al.  2020; 
Zwanzger et al. 2009). Our analysis of standard homotopic scalp 
landmark-based targets (e.g., left F3 and right F4) revealed con-
siderable variability in the networks targeted within and across 
individuals. For both the 10–20 EEG system and modified Beam 
method, there was no clear dominant network targeted by F3 in 
the left hemisphere nor by F4 in the right hemisphere, but some 
patterns emerged.

First, at left F3, the SAL network, a network linked to reward 
circuitry, had the highest spatial selectivity at the top 0.5% of 
the E-field, albeit modestly. Second, at right F4, FPN-B, a right-
lateralized association network, was targeted to a greater extent 
than at left F3, in terms of both selectivity and intensity. While 
the specific function of FPN-B remains elusive, its position sug-
gests a role in cognitive control possibly aligned to affective 
domains (Du et al. 2024). It is thus of interest that preferential 
targeting of FPN-B in the right hemisphere is the main differ-
ence we observed between F3 and F4 coil positions and war-
rants further investigation. Interestingly, while the more dorsal 
5.5 cm rule targets had a different modeled simulation profile 
than F3/F4 (e.g., see Figure S5; compare Figure S4 to Figure S3 
and Figure  2), FPN-B was again preferentially targeted in the 
right hemisphere by a relatively larger margin. This is likely 
driven by the strong lateralization of FPN-B to the right hemi-
sphere (see figure 21 in Braga et al. 2020).

Therefore, our results suggest that the variability in network 
targeting incurred by standard clinical TMS based on scalp 

landmarks across hemispheric allocations may contribute to the 
heterogeneous clinical responses observed in TMS treatment. 
We emphasize that the approach presented here can be flexi-
bly adapted to model any TMS scalp site, whether empirically 
defined or computationally approximated (as was done in this 
study).

4.2   |   Networks Impacted by the sgACC 
Anticorrelation Strategy

Modeled TMS effects for locations identified using the sgACC 
anticorrelation (SNT-like) strategy showed variability in the 
estimated networks targeted across participants. Note that we 
implemented an approach conceptually similar, but not identi-
cal to, the proprietary SNT algorithm (Cole et  al.  2020, 2022; 
see also Fox et  al.  2012). Testing multiple variations of this 
approach yielded similar findings. While the anticorrelation 
approach consistently avoided DN-A, DN-B, and FPN-B, the 
network estimated to receive the most intense stimulation var-
ied between SAL and FPN-A across most individuals. When 
considering both selectivity and intensity, SAL appeared to 
be the dominant network targeted by the anticorrelation ap-
proach. This is a particularly interesting finding in light of 
evidence that the SAL network (1) is coupled to regions in the 
ventral striatum consistent with a role in reward processing 
(Gordon et al. 2022; Seeley 2019; Lynch et al. 2024; Kosakowski 
et al. 2025; Kosakowski et al. 2024), (2) may be topographically 
expanded in depressed individuals as demonstrated by precision 
MRI mapping (Lynch et al. 2024), and (3) is comprised of regions 
(e.g., the anterior and ventral insula) densely anatomically in-
terconnected to circuits implicated in autonomic and interocep-
tive processing (e.g., Benarroch 2019; Evrard 2019; Seeley 2019; 
Craig 2002; Fischer et al. 2016).

Our findings raise the possibility that the antidepressant mech-
anism of anticorrelation-based strategies like SNT is the stim-
ulation of specific canonical networks such as the Salience 
network—rather than a more generalized modulation of an-
ticorrelated dlPFC regions. Alternatively, it is possible that 
network-specific targeting is not driving antidepressant mech-
anisms, but rather it is the relative dose, intensity, or frequency 
of the delivered stimulation or the relative spacing between ses-
sions. Indeed, the anticorrelated sgACC target is anterolateral to 
canonical scalp-based targets (see figure 2 in Cole et al. (2020) 
comparing individual SNT targets to left F3). Due to this relative 
distance from the midline (where the DN-A & DN-B targets tend 
to be), E-field models indicate there is higher intensity stimula-
tion delivered to the anticorrelated target. Another possibility is 

FIGURE 7    |    Precision network mapping and E-field modeling prospectively applied to target networks using single-session data in a participant 
with MDD. Mirroring the structure of Figure 4, using a single session of resting-state data (~1 h), the precision TMS pipeline was used to prospectively 
target distinct networks in a participant with MDD. (A) Network estimates shown on the native-space surface. (B) The dlPFC search space used for 
target selection. (C) The network target regions (highlighted in black), overlayed on network estimates in color. (D) The E-field map corresponding 
to the best coil placement for each target. Blue colors represent lower and red colors higher E-field (V/m) values. (E) The overlap between the E-field 
map and estimated networks quantified at multiple E-field thresholds (99.0%–99.9%). This participant demonstrates preferential spatial selectivity 
for each of the targets that increases as the thresholds increase. (F) Distribution of E-field values within networks, with the modeled stimulation 
dose set at 120% of this participant's resting motor threshold (dI/dt = 49 A/μs). Values on the right of the plot indicate high E-field intensity, which is 
theoretically supplied to FPN-A and SAL & CG-OP in this participant, but not DN-A & DN-B.
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FIGURE 8    |    Achieved spatial selectivity and E-field intensity in eight participants. Mirroring the structure of Figure 5, these plots display the 
achieved spatial selectivity and E-field intensity during real-world TMS sessions. Each symbol represents one participant, each pair of connected 
symbols represents the same TMS session number in the sequence of 3 TMS sessions administered per target, and colors correspond to the optimal 
TMS coil placement for distinct networks: FPN-A, orange; SAL & CG-OP, purple; DN-A & DN-B, maroon. Left panels show the selectivity (relative 
% in the E-field at the top 0.5% of values); right panels show the intensity of the highest 25 vertices (each point is the mean of the highest 25 vertices). 
Overall, there is clear separation in selectivity and maximal intensity between the optimized coil positions, such that the coil placed at the target 
network(s) is more selective and achieves higher intensity for the target than non-target network(s).
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that the avoidance of networks that support internally oriented 
cognition (DN-A & DN-B) is key, rather than the targeting of 
SAL or FPN-A, per se. If this is the case, precision targeting of 
networks as we describe here may be less effective than applying 
the sgACC anticorrelation approach, which consistently avoids 
DN-A & DN-B. Notably, TANS (Lynch et al. 2022) can be used 
with pre-specified avoidance regions (or networks), and this fea-
ture is also integrated into the pipeline presented here. Future 
studies could empirically test between the different hypotheses 
above by using the present (or similar) methodology to examine 
the relations between clinical efficacy and the network (or net-
works) targeted.

4.3   |   Differential Precision Targeting 
of Juxtaposed Functional Networks in 
the Individual

Our results show that it is possible to differentially target func-
tional networks that are closely juxtaposed within dlPFC with 
high selectivity and intensity in the individual. This precision 
may be important given the role different networks serve in dif-
ferent neuropsychiatric symptom profiles (e.g., Williams 2016) 
and given that, in practice, many neuropsychiatric disorders are 
clinically heterogeneous (Drysdale et al. 2017). For example, in 
patients with internally oriented ruminative symptoms, it may 
be beneficial to target DN-A & DN-B with TMS. By contrast, 
in patients with symptoms related to threat dysregulation and 
anxiety, SAL & CG-OP could be targeted. Similarly, patients 
experiencing symptoms related to deficits in cognitive control, 
such as emotion dysregulation, may benefit from TMS target-
ing FPN-A. Indeed, prior work suggests that TMS can induce 
network-specific changes in functional connectivity and metab-
olism (Eldaief et al. 2011, 2023). Taken together, our targeting 
approach could be used to preferentially stimulate different 
networks in dlPFC in different patients depending on their pre-
senting symptom profiles. Furthermore, precision mapping and 
targeting of functional networks is feasible and reliable with only 
one scan session of data, which is more realistic for real-world 
clinical implementation. A critical caveat is that the clinical 
utility of symptom-to-target matching is unknown at this time, 
and the main driver of efficacy may be more predicted by effec-
tive dose than network-specific targeting. The present methods 
provide a way to test specific alternative targets in head-to-head 
comparisons. Alternatively, to the degree clinical outcomes are 
available along with fMRI and recorded coil positions, it may be 
possible to correlate outcomes and targets to gain insights into 
what matters and what is possible.

It is also worth noting that individual anatomy and cortical 
geometry may limit the ability to selectively target certain net-
works in certain individuals. We found that target size is an im-
portant factor, with larger target regions for FPN-A and SAL & 
CG-OP predicting higher degrees of selectivity. These findings 
are consistent with prior work (Lynch et al. 2022). As such, our 
methodology may be less useful in individuals who have smaller 
representations of relevant networks in dlPFC. Relatedly, an in-
dividual's network organization in dlPFC may be such that cer-
tain networks are preferentially represented deeper within the 
fundus of a sulcus and therefore less accessible to TMS. Notably, 
in these cases our precision network modeling approach could 

ostensibly be used to target network representations outside of 
dlPFC but nevertheless anatomically situated closer to the scalp 
(e.g., portions of parietal cortex or the cerebellum).

4.4   |   Importance of Spatial Selectivity and E-Field 
Intensity in Precision TMS

The present approach allows for the identification of optimal coil 
placements and estimation of two measures to assess the effect 
of network-specific targeting: spatial selectivity and E-field inten-
sity. Selectivity, or the proportion of overlap between the target 
network and the top values of the E-field, is the primary measure 
used by TANS to optimize coil placement (Lynch et  al.  2022). 
While this measure is critical, it relies on an arbitrary cutoff look-
ing at the top percentage of values without considering the max-
imal intensity received in different parts of the cortex (Numssen 
et al. 2024). Neurophysiological work that combines TMS with in-
vasive intracranial recordings suggests that the effects of TMS may 
be more focal than E-field spread suggests (Romero et al. 2019) 
and neurons receiving a higher E-field are more likely to exhibit 
intracranial TMS evoked potentials (Wang et  al.  2024). Thus, it 
is essential to also consider the maximal and overall intensity of 
the E-field supplied to target networks, which is a novel contri-
bution of this work. Our results show that high selectivity does 
not necessarily correspond to maximal intensity (e.g., Figure 3B). 
Further experiments are needed to discern how these factors pre-
dict TMS efficacy, and toward this end, we provide a tool to assess 
both network-level selectivity and intensity.

4.5   |   Limitations and Future Directions

While our study demonstrates the potential for precision network 
TMS modeling, several limitations should be noted. As mentioned 
above, the importance of selectivity versus intensity in TMS tar-
geting remains unclear and cannot be addressed with our pres-
ent methodology. For instance, clinical efficacy could ostensibly 
be achieved by stimulating the network mediating clinical ben-
efits with sufficient intensity, even if adjacent but less clinically 
relevant networks are also stimulated. Alternatively, unwanted 
off-target network effects could limit efficacy, mandating a high 
level of network selectivity. As another possibility, the effective 
dose may be different between sites with maximal stimulation in-
tensity being the primary driver of efficacy without a relation to 
network composition. Our modeling approach could be used to 
resolve these questions by relating clinical outcomes to the degree 
of selectivity versus maximal intensity achieved. In addition, our 
work opens the opportunity to construct modeling approaches 
with different weights on selectivity and intensity.

Active translational efforts in our lab are focused on model-
ing and modulating functional networks in individuals with 
treatment-resistant depression. Modeling results presented in 
this study suggest that precision network TMS is feasible in such 
patients and under conditions where a single one-hour session 
of functional data is acquired to estimate networks (rather than 
the multi-session acquisitions utilized in the first cohort of this 
study). In addition, validation experiments will be needed to 
demonstrate that delivering stimulation to distinct networks 
yields distinct behavioral and clinical outcomes. The present 
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precision TMS pipeline is constructed to assist studies that seek 
to test the effects of network-specific TMS on different cognitive 
domains and symptoms.

Another limitation arises from our use of E-field models. The re-
sults from this study are model estimates and are thus limited by 
the accuracy of the parameters used in the computational mod-
els, and the general assumption that the models appropriately 
capture all relevant biophysical properties. These parameters 
include the TMS coil model, tissue segmentation, and estimated 
conductivity. More subtle aspects such as anisotropy of the con-
ductivity in the white matter and meninges (Weise et al. 2022), 
for example, are not considered.

Relatedly, the present results on scalp-based TMS targets re-
lied on computational approximations of their locations, rather 
than physical determinations in participants. The locations 
were approximated by transforming MNI coordinates into in-
dividual native space with SimNIBS. Prior studies report the 
distance between physically determined individual targets and 
group-averaged MNI coordinates to be on the order of ~1 cm 
(see Figure 1 in Trapp et al. 2020 for illustration), with higher 
precision at Beam F3 vs. the 5.5 cm rule. Nonetheless, any scalp 
coordinate, whether physically determined or computationally 
approximated, can be modeled with the flexible pipeline pre-
sented here.

When executing precision TMS in the real world, several practical 
factors must also be considered. Given the complexity of the pipe-
line, checks were performed to ensure adequate data quality, reg-
istration, and model quality. These checks are enabled by the QC 
outputs of the precision TMS pipeline and include visualization of 
the registration of structural and functional images, which is nec-
essarily imperfect given the distortion inherent to functional neu-
roimaging. In addition, precise coil positioning may be affected 
by discomfort, physical constraints to optimize contact between 
the coil and the scalp, or head movements during longer TMS ses-
sions. Further, robotic-assisted TMS systems may improve preci-
sion by minimizing coil misalignment due to discomfort or head 
movement. These practical considerations will impact the degree 
to which model estimates of TMS stimulation effects will translate 
to the actual practice of clinical TMS.

5   |   Conclusions

We characterize the within-individual network engagement 
of current clinical TMS strategies, present an integrated pipe-
line for precision network TMS targeting, and demonstrate the 
feasibility and reliability of differentially targeting specific net-
works with meaningful selectivity and intensity using a single 
one-hour session of MRI data. This work provides a path to-
wards relating clinical outcomes to individual-specific, systems 
neuroscience-informed functional anatomy.
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