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ABSTRACT

State-of-the-art navigated transcranial magnetic stimulation (nTMS) systems can display the TMS coil position relative to the
structural magnetic resonance image (MRI) of the subject’s brain and calculate the induced electric field. However, the local effect
of TMS propagates via the white-matter network to different areas of the brain, and currently there is no commercial or research
neuronavigation system that can highlight in real time the brain's structural connections during TMS. This lack of real-time vis-
ualization may overlook critical inter-individual differences in brain connectivity and does not provide the opportunity to target
brain networks. In contrast, real-time tractography enables on-the-fly parameter tuning and detailed exploration of connections,
which is computationally inefficient and limited with offline methods. To target structural brain connections, particularly in
network-based treatments like major depressive disorder, a real-time tractography-based neuronavigation solution is needed to
account for each individual's unique brain connectivity. The objective of this work is to develop a real-time tractography-assisted
TMS neuronavigation system and investigate its feasibility. We propose a modular framework that seamlessly integrates offline
(preparatory) analysis of diffusion MRI data with online (real-time) probabilistic tractography using the parallel transport ap-
proach. For tractography and neuronavigation, we combine our open source software Trekker and InVesalius, respectively. We
evaluate our system using synthetic data and MRI scans of four healthy volunteers obtained using a multi-shell high-angular
resolution diffusion imaging protocol. The feasibility of our online approach is assessed by studying four major TMS targets via
comparing streamline count and overlap against offline tractography results based on filtering of one hundred million stream-
lines. Our development of a real-time tractography-assisted TMS neuronavigation system showcases advanced tractography
techniques, with interactive parameter tuning and real-time visualization of thousands of streamlines via an innovative uncer-
tainty visualization method. Our analysis reveals considerable variability among subjects and TMS targets in the streamline
count, for example, while 15,000 streamlines were observed for the TMS target on the visual cortex (V1) of subject #4, in the case
of subject #3's V1, no streamlines were obtained. Overlap analysis against offline tractograms demonstrated that real-time trac-
tography can quickly cover a substantial part of the target areas’ connectivity, often surpassing the coverage of offline approaches
within seconds. For instance, significant portions of Broca's area and the primary motor cortex were effectively visualized after
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generating tens of thousands of streamlines, highlighting the system's efficiency and feasibility in capturing brain connectivity
in real-time. Overall, our work shows that real-time tractography-assisted TMS neuronavigation is feasible. With our system, it
is possible to target specific brain regions based on their structural connectivity, and to aim for the fiber tracts that make up the
brain's networks. Real-time tractography provides new opportunities for TMS targeting through novel visualization techniques

without compromising structural connectivity estimates when compared to the offline approach.

1 | Introduction

Transcranial magnetic stimulation (TMS) is a non-invasive
brain stimulation technique approved in many countries
for treating, for example, major depression disorder (MDD)
(Fitzgerald et al. 2009) or obsessive-compulsive disorder (OCD)
(Pelissolo et al. 2016), and for performing motor and speech
cortical mapping as part of presurgical evaluation (Lefaucheur
and Picht 2016; Krieg et al. 2017). The navigated TMS (nTMS)
approach is also widely used to investigate brain functions by
evoking motor or behavioral responses or by interrupting task-
related processes (Grosprétre, Ruffino, and Lebon 2016; Di
Lazzaro and Rothwell 2014; Lefaucheur et al. 2014; Tremblay
et al. 2019). However, defining optimal targets for TMS remains
challenging, which is mostly done based on brain's morphology,
using coordinates from atlases, or pre-defined locations from
functional neuroimages, although state-of-the-art approaches
also consider the induced electric field (E-field) strength at the
target and surrounding (off-target) regions (Cash et al. 2021).

With a stimulation coil placed on the scalp, TMS induces a brief
electric field that activates neurons in a limited range, depend-
ing on the stimulation intensity (Terao and Ugawa 2002). The
precision of TMS interventions rely on accurately targeting the
E-field to the desired cortical region, which is enabled via real-
time visualization of the E-field distribution on the individual's
brain anatomy obtained using structural MRI scans (Ruohonen
and Karhu 2010; Hannula and Ilmoniemi 2017). While the ad-
vancements towards the incorporation of individual's unique
cortical geometries for E-field computation are pivotal in help-
ing maximize therapeutic efficacy (Dannhauer et al. 2024) the
localized activation, however, propagates to different areas via
the white-matter network (Van Essen 2013). Knowing which
networks or connections of the brain are affected by TMS is
important because structural connectivity of the brain plays
a role in understanding and treating many brain disorders in-
cluding MDD (Korgaonkar et al. 2014), Alzheimer's disease (Lo
et al. 2010), multiple sclerosis (Llufriu et al. 2017) and stroke
(Yamada et al. 2004). Connections in the brain's white matter
can be detected non-invasively and in vivo with fiber tracking,
that is, tractography, using diffusion magnetic resonance im-
aging (AMRI) (Shi and Toga 2017). During the last years, re-
search based on tractography has contributed substantially to
elucidating the circuitry of the human brain (Wandell 2016).
Tractography can be performed on the whole brain, provid-
ing the structural connectome to study its network properties
(Rubinov and Sporns 2010), or on selected, that is, seed, regions
in the brain.

State-of-the-art nTMS systems provide real-time coil position
and E-field estimate overlaid on the individual's structural
T1-weighted MRI. The addition of real-time tractography

information to the already existing nTMS would be highly valu-
able by enabling targeting of fiber tracts or regions that are re-
motely connected to the area under the coil. This enhancement
is especially relevant for conditions where treatment outcomes
depends not only on the stimulation of specific cortical regions
but also on modulating the activity of networks where these re-
gions are part of. For example, in treating disorders like MDD,
where structural connections have been shown to be affected
(Bracht, Linden, and Keedwell 2015; Korgaonkar et al. 2011),
a tractography-assisted targeting approach could enhance the
efficacy of TMS by guiding the operators to target the individu-
al's desired structural network. Additionally, real-time tractog-
raphy enables novel strategies to be employed for TMS-based
cortical mapping that aims to localize brain regions responsible
for certain functions like motor control, language, or sensory
processing—a technique used for surgical planning (Krieg
et al. 2017). Since TMS-induced responses are unknown prior
to these experiments, real-time adjustments to coil positioning
are essential. Real-time tractography provides crucial connec-
tivity information about the TMS-affected areas, supporting
dynamic decision-making for placing the coil. Specifically,
during speech cortical mapping (Lioumis et al. 2012, 2023), if
a naming error occurs due to TMS at a cortical site, operators
can leverage real-time tractography to visualize how this site
is connected to remote brain regions. This allows for the ex-
ploration of distant areas involved in speech function, prompt-
ing further investigation into regions that might otherwise be
overlooked, thereby potentially enhancing the precision of con-
sequent interventions. Similarly, real-time tractography offers
new opportunities when performing TMS-EEG and paired
associative stimulation (PAS) experiments, where predefin-
ing targets, using scalp-based coil placements or off-line trac-
tography might be ineffective. During the actual experiment,
these targets may cause muscle pain, artifacts, and discomfort,
leading to poor measurements or even termination of the ex-
periment, necessitating real-time adjustments. Additionally,
these cortical sites may not produce relevant or strong enough
responses, or may not perturb or engage the desired network,
which can be improved by adjusting the coil placement based
on real-time tractography.

However, introducing real-time structural connectivity estima-
tion to existing nTMS systems is challenging. This is mainly
due to the inherent limitations of tractography, which have
been increasingly pointed out by validation studies (Thomas
et al. 2014; Yendiki et al. 2022) and benchmarks through inter-
national tractography challenges (Maier-Hein et al. 2017; Nath
et al. 2020; Schilling et al. 2021; Maffei et al. 2022). Importantly,
tractography is well-known to miss connections that are present
in the brain, that is, false negatives (Aydogan et al. 2018), and at
the same time, it generates connections that do not exist, that is,
false positives (Schilling et al. 2019).
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The goal of this work was to develop a system that computes and
displays the brain's structural connections in real time for guid-
ing TMS. By leveraging real-time tractography, we aim to extend
the focus of current nTMS systems beyond localized stimulation
to take into account a more comprehensive understanding of the
brain's interconnected networks. This approach enables us to
inform our TMS targeting with insights into the interconnected
networks of the brain, offering more comprehensive options for
stimulation.

2 | Method

Figure 1 shows the overall workflow for the proposed real-time
tractography-assisted TMS neuronavigation system. Our ap-
proach is based on a modular framework that seamlessly inte-
grates the output from offline (preparatory) analysis with online
(real-time) tractography and visualization. There is a clear sepa-
ration between these two main components; the output of the of-
fline part is not modified during real-time operation and is fed as
input to the online part. We next explain the building blocks of the
proposed approach, followed by our experiments on four healthy
volunteers.

2.1 | Offline Processing

dMRI was preprocessed using Marcenko-Pastur PCA denois-
ing algorithm (Veraart et al. 2016; Garyfallidis et al. 2014), and
corrected for eddy-current and motion artifacts (Andersson
and Sotiropoulos 2016). Due to partial-Fourier acquisition and
scaling of diffusion-weighted images with the b0 image during
compartment modeling, Gibbs artifacts and bias-field inhomo-
geneities were not removed. Fiber orientation distribution (FOD)
image was computed using the compartment model approach in
Tran and Shi (2015). For anatomically constrained tractography

- FOD image

- Brain mask
-T1 image

| J

- Anatomical constraints

(Smith et al. 2012), labels for white matter, cerebrospinal fluid
(CSF), and the region outside the brain were defined from
Freesurfer's reconall (Fischl 2012). FOD was registered on the
T1 space by computing the anisotropic power (Chen et al. 2019)
and applying a rigid transform obtained with ANTs (Avants,
Tustison, and Song 2009). Offline processing was completed
with a visual quality inspection.

2.2 | Online Processing
2.2.1 | Tractography

2.2.1.1 | Fiber Tracking. Our parallel transport tractogra-
phy (PTT) algorithm applies principles of differential geometry
to generate smooth (C'-continuous) streamlines. Unlike most
algorithms that rely only on local measurements, PTT models
a topographically organized (cylindrical) fiber bundle during
propagation, and leverages regional FOD information, improv-
ing fiber tracking in complex white matter profiles (Aydo-
gan and Shi 2019, 2021). PTT is implemented in our in-house
developed, open-source software Trekker (https://dmritrekker.
github.io/).

To reduce false positives, following anatomical constraints are
applied:

1. To prevent improper termination— discard_if_ends_inside
white matter

2. To prevent projecting through CSF— discard_if_enters CSF

3. To prevent leaking outside the brain—stop_at_entry out-

side the brain

2.2.1.2 | Visualization of Uncertainty. In this work,
we introduce a novel visualization approach using

ONLINE
N

Neuronavigation

- Custom coil models

- Target management (save/load)

- Surface peeling at 1 mm intervals
 Visualization y

Tractography

Loop

- Parallel transport tractography
- Simulated uncertainty

- Anatomical constraints
_—

FIGURE1 | For real-time tractography-assisted neuronavigation, we combine information from T1 and dMRI data. In the offline (preparatory)
part, necessary inputs for the online (real-time) part are prepared. The necessary inputs are: (i) fiber orientation distribution (FOD) image, needed
for fiber tracking, (ii) anatomical constraints, needed to reduce false positives during tractography by preventing improper termination within white

matter and crossing through cerebrospinal fluid, (iii) segmented brain mask, needed to compute the peeled brain surfaces, and (iv) T1 image, to show

the grayscale brain image on the peeled surfaces. The online part consists of the neuronavigation and tractography modules that continuously run

in a multi-threaded loop. Neuronavigation and tractography are done using our custom software InVesalius (Souza et al. 2018) and Trekker (https://

dmritrekker.github.io/), respectively. The main features used during real-time operation are inside the yellow boxes.
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the observations in Aydogan et al. (2018), which reports per- 2.2.2 | Implementation of Real-Time Tractography
formance trends in tractography based on parameter combi- During Neuronavigation

nation choices. For example, a low FOD threshold helps to find

intricate connections, reducing false negatives, but at the same The real-time visualization of tractograms was achieved by
time this increases false positive streamlines. This known integrating Trekker in the open-source, free neuronavigation

trade-off between sensitivity and specificity offers an oppor- software InVesalius Navigator (Souza et al. 2018) (https://inves

tunity to visualize uncertainty based on parameter choices. alius.github.io/). Tracking parameters are saved in a .json for-

To visualize uncertainty, as shown in Figure 2, we designed matted text file, which can be modified using a text editor for

a transfer function, which assigns each streamline an opac- instant manual adjustments. This provides the option for a more

ity value based on the fiber tracking parameter used to obtain thorough exploration of connections, for example, by increasing

that streamline, as initially introduced in Aydogan (2020). the number of trials per seed point or using smaller curvature
(a) Varying FOD threshold

(minFODamp in Trekker)

o

o
L

False positives
Getting non-existing
onne O

>

23 fy
= i /4
op— > oy
= =1¢
S wn
i ] (e
3¢ 5
©0.0375 - High
False negatives ©0.0225 - Medium
0 L ceangkions N ©0.0075 - Low

0 1-Specificity 1 0 I-Specificity 0.4

(False positive rate)

(b) Compute ten sets of streamlines Transfer
by increasing the FOD threshold function

minFODamp=0.01

minFODamp=0.02

Set pivot point for fiber tracking

Tractography

minFODamp=0.1

FIGURE 2 | (a) Sensitivity and specificity values based on voxel-wise overlap between dMRI-based tractography and ex vivo tracer injection
experiments demonstrate the trade-off in tractography performance for various step size and curvature threshold combinations (81 samples) for
each fixed FOD threshold value (Aydogan and Shi 2018). The ROC curve can be traversed by varying the FOD threshold (minFODamp parameter
in Trekker). Low values for FOD threshold lead to increased sensitivity at the cost of decreased specificity. By displaying the streamlines generated
using low FOD thresholds with more transparency, we provide visual information to the operator regarding increased possibility of false connectivity

as aresult of the corresponding parameter choice. (b) Fixed parameters used for fiber tracking and the range of values for the varying FOD threshold.
The transfer function linearly maps the increasing FOD threshold to opacity values ranging from 20% to 100%.
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thresholds for fiber tracking. During neuronavigation, a con-
tinuous loop starts when the tracking camera detects the TMS
coil. Then, N seed coordinates for computing the streamlines
are pseudo-randomly sampled inside a sphere with 1.5-mm ra-
dius, where N corresponds to the number of processor threads
available on the computer. Each seed coordinate initiates the
computation of one streamline. Thus, the larger the number of
available processor threads, the more streamlines can be com-
puted in parallel. The center of the sphere is defined as the point
in the white matter with the smallest Euclidean distance to the
central, longitudinal axis of a 22X 20-mm? rectangular prism
grid. Grid points within the prism are spaced by 1 mm, and the
points in the white matter are identified using the Freesurfer
segmentation. The prism is oriented with its central, longitu-
dinal axis along a line projected from the TMS coil center and
offset by 30mm from the coil surface. The offset was defined
manually based on visual inspections from 15 MRIs to mini-
mize the number of points of the prism in areas above the white
matter, such as outside the head and on the scalp, skull, and
CSF. At each iteration, the minFODamp parameter is adjusted as
shown in Figure 2 and streamlines are visualized every 100 ms
with the corresponding opacity. Because 10 parameter combina-
tions are used for uncertainty visualization, these combinations
are repeated at every 10th iteration. The loop runs continuously
until 1000 streamlines are displayed or the coil is moved by at
least 2mm. This distance threshold avoids excessive removal
and addition of streamlines for small jitters in the TMS coil co-
ordinates. If the TMS coil moves more than 2mm from the first
point that the white matter was detected, streamlines that were
previously displayed are removed; otherwise, they are continu-
ously added.

3 | Experimental Setup
3.1 | Synthetic Characterization

We studied uncertainty visualization tracking parameters with
offline experiments on the ISMRM 2015 tractography challenge
dataset (http://www.tractometer.org/ismrm_2015_challenge/
data) (Maier-Hein et al. 2017). We used the fiber tracking pa-
rameters shown in Figure 2 to compute 10 million streamlines
in the whole brain by randomly seeding the white-matter mask.
The process is repeated for each of the 10 minFODamp values.
For studying the performance, bundle overlap and overreach
were computed using the evaluation code available at https://
tractometer.org/ismrm2015/tools/. These measures were used
in the original challenge, allowing us to compare our results
with the original submissions. For a given ground truth trac-
togram A and an evaluated tractogram B, overlap is defined
as|(BNA)| /|A| and overreach as | (B\A) | / | A | Here,|. |
represents the volume of regions, approximated by the number
of the non-zero voxels in the discretized masks of traced voxels
with streamlines, with each voxel having an isotropic dimension
of1x1x1mm?3

3.2 | TMS Experiment

Experiments were done on four healthy male volunteers (age:
30-42) after collecting written informed consents. The study

was done in accordance with the Declaration of Helsinki and
approved by the Coordinating Ethics Committee of the Hospital
District of Helsinki and Uusimaa.

3.2.1 | MRI Data

MRI measurements were done at the Advanced Magnetic
Imaging Centre of Aalto NeuroImaging using a MAGNETOM
Skyra 3T MR scanner (Siemens Healthcare, Erlangen, Germany)
with a 32-channel head coil. For T1 image, a sagittal MPRAGE
protocol with TE=3.3ms, TR=2530ms, 1x1x1mm? voxel di-
mension and 176 X256 X 256 voxels were used. The dMRI were
acquired according to a multi-shell high-angular resolution dif-
fusion imaging (HARDI) scheme with TE=107ms, TR=3.9s,
2x2x2mm?3 voxel dimension and 176 X 256 X 256 voxels. Data
were collected from 100 directions uniformly distributed on
a sphere. A total of 18, 32, and 50 volumes were distributed to
three shells with b-values 900, 1600, and 2500s/mm?, respec-
tively. Eleven b0 images were interleaved in-between, and four
reverse phase-encoded b0 images were collected for motion and
distortion correction.

3.2.2 | TMS Experimental Protocol

Figure 3 shows our setup. Navigation was performed with an
infrared Polaris Vicra camera (Northern Digital Inc., Waterloo,
ON, Canada) and tracking probes with passive reflective spher-
ical markers. Fiducial registration errors were kept below 3mm
(Souza et al. 2018). Experiments were performed with a Dell
Precision 7530 (CPU Intel 6 core 2.6 GHz i7-8850H, 32 GB RAM,
1TB SSD hard drive, NVidia Quadro P2000 graphics card, and
Windows 10 64 bits).

We studied the feasibility of reliable and repeatable targeting
of four major connections in the left hemisphere of the brain
involved in: motor, cognitive, speech, and visual functions.
Therefore, we targeted the (i) primary motor cortex (M1), (ii)

‘ l.a

Retroreflective
markers
/ ‘ TMS coil

X

FIGURE 3 | Tractography-assisted nTMS setup. The display with
the InVesalius user interface shows the peeled brain surface and the
streamlines obtained from the real-time TMS coil position. The coil is
being held by the operator and tracked by the neuronavigation software
that analyzes data from an infrared (IR) camera and retroreflective
markers.
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dorsolateral prefrontal cortex (DLPFC), (iii) Broca's area (BA44),
and (iv) primary visual cortex (V1), respectively. We initially
saved the intended TMS target locations related to these four re-
gions in the InVesalius software interface to guide the TMS coil
placement. The M1 target was identified based on abductor polli-
cis brevis (APB) muscle twitches. DLPFC was identified visually
from T1 MRIs as described in Lioumis et al. (2009). Broca's area
was identified as described in speech cortical mapping studies
(Lioumis et al. 2012; Corina et al. 2010; Krieg et al. 2017). The
primary visual cortex was selected based on visual inspection
of the anatomical MRIs and by applying single TMS pulses that
elicited phosphenes in the participant's visual field.

For assessing the reproducibility of the displayed streamlines,
we placed the TMS coil on the selected target and recorded the
TMS coil coordinates and corresponding seed coordinates used
to compute the streamlines in real time. This process was re-
peated 10 times for each of the four targets by removing the coil
from the vicinity of participants’ head after each trial.

3.2.3 | Data Analysis

We studied: (1) how offline filtering (selection) of streamlines
compare against real-time tractography, and (2) the number of
streamlines to display.

For (1), we generated 10 million streamlines for each of the 10
minFODamp values by randomly seeding the whole brain. Each
tractogram was then filtered so that only those streamlines that

passed through the 1.5-mm sphere centered at the recorded
target points remained. For each target region, we reported the
number of selected streamlines.

For (2), we investigated the overlap between the tractograms
with increasing number of streamlines. For that, we first gen-
erated 100,000 streamlines from each seed using each of the 10
minFODamp values. The combined tractogram with 1 million
streamlines was used as a reference. We then simulated the case
during the real-time experiment, where only a subset of these
streamlines were shown. To that end, we generated 7 subsets
with 100, 300, 1000, 3000, 10,000, 30,000, and 100,000 stream-
lines. Each subset contained an equal number of streamlines
computed with different minFODamp values. The overlap was
computed using in-house code as| (SN R) |/| R |, consistent with
the ISMRM 2015 challenge. Here S and R denote the subset and
reference tractograms, respectively. Traced masks of stream-
lines, mapped on each subject's T1 image space, were obtained
using thresholded (> 0) track-density images (TDI) (Calamante
et al. 2010) to approximate the covered volumes by counting the
number of non-zero voxels.

4 | Results
4.1 | Synthetic Characterization
Figure 4 shows the overlap and overreach values relative to

minFODamp, which is the parameter varied for uncertainty vi-
sualization. Overlap indicates tractogram alignment with the

ISMRM 2015 challenge comparison

100

50+ ‘.i [} °

Bundle overlap [%]

* 0.01
® 0.02
® 0.03
® 0.04
® 0.05
® 0.06
® 0.07
® 0.08
® 0.09
® 0.1

dwego4uiw

Original submissions

in ISMRM challenge
()

0 50

100

Bundle overreach [%]

FIGURE4 | The variation in tractography performance with respect to the changes in minFODamp parameter for uncertainty visualization was
tested using the ISMRM 2015 tractography challenge data. Each red dot represents a score obtained for a tractogram with 10 million streamlines
generated by randomly seeding the whole-brain mask using each of the 10 minFODamp parameters shown in Figure 2. The obtained scores with

Trekker are highly competitive against the original submissions to the challenge. The trend shows the expected trade-off between true and false

positives, where increasing the minFODamp parameter decreases bundle overreach, that is, false positives, at the cost of reduced bundle overlap,

that is, true positives.

6 of 15

Human Brain Mapping, 2025

85U80| 7 SUOWILLOD BRSO 3|qeolidde aup Aq peusenob a2 sejolie VO ‘SN JO Sa|nu Joj Areiqi8UIUO AB]IM UO (SUORPUOD-PUR-SLLBY OO A8 |IM"Al.q BUIIUO//SAIY) SUORIPUOD PUe SWS | 38U} 885 *[S5202/50/8T] U0 ARigiTaulluO AB|IM ‘MUSEH JO AISRAIN AQ 22T0L WAU/Z00T OT/I0p/L0 A8 |IMAle.q 1 UIIUO//SANY W14 papeojuMod ‘T ‘520z ‘E6T0L60T



ground truth, that is, relates to true positives, while overreach
shows how much of it extends beyond the ground truth, that is,
relates to false positives.

To demonstrate the effect of uncertainty visualization in dis-
playing structural connectivity, in Figure 5, we picked three
tractograms that contain the cortico-spinal-tract (CST) and
transcallosal connections through the corpus callosum (CC),
which are both involved with motor functions commonly stud-
ied with TMS (Sollmann et al. 2020; Voineskos et al. 2010).
Tractograms are then combined with and without uncertainty
visualization. The three tractograms were obtained from
whole-brain tractograms computed with minFODamp values
of 0.01, 0.05, and 0.1, by selecting 500 streamlines within a
sphere of radius 1.5-mm that was manually placed in the pri-
mary motor cortex.

4.2 | Navigated TMS With Real-Time Tractography

Our setup is shown in the Video S1. The operator can ob-
serve the structural connections while the coil is moved. For

minFODamp
0.05

—
(®)
=
(]
-
C
<C

Superior

demonstrative purposes, the operator shows the connections on
various locations. Consent of the model is obtained to publish
his face in the Video S1.

4.3 | TMS Experiment

We compared the number of streamlines and overlap percent-
ages using tractograms obtained offline. Figure 6 shows the
number of streamlines obtained by filtering offline computed,
large-scale whole-brain tractograms that contain 100 million
streamlines for each subject. We observe that there is large vari-
ability among subjects, brain regions, and repetitions. Nearly
15,000 streamlines were obtained for many repetitions in the
V1 area of subject #4. However, for the same area of subject #3,
many times it was not possible to obtain any streamline. We ob-
serve a general trend of decreasing number of streamlines with
the increase in minFODamp. For a few seed points, however, the
number of streamlines increase with minFODamp, for example,
M1 seed #4 of subject #2, highlighting the complex relationship
between tractography parameters, connectivity profiles of the
seed regions, and the individual variability.

Combined tractogram

Without With
uncertainty uncertainty

FIGURE5 | Tractograms generated using a seed region placed on the motor cortex show cortico-spinal-tract (CST) and connections through the

corpus callosum (CC), which are commonly studied in TMS experiments. The three rows show different views of the same tractogram. Tractograms

show that increasing minFODamp produces streamlines that may not sample the whole extent of connections. Tractograms with lower minFODamp

values reach more regions; however, streamlines lose organization, which can lead to increased false positives. Combination of the tractograms with

uncertainty visualization shows all the streamlines. But because streamlines computed with lower minFODamp are shown with more transparency,

user is provided with visual information that these connections are more likely to be false positives than other streamlines shown on display.
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Number of streamlines obtained by
filtering whole brain tractograms with 10M streamlines

BROCA  DLPFC

=

sub-3 sub-2 sub-1
seed no seed no seed no

sub-4
seed no

10....

15K

mlnFODamp mlnFODamp mlnFODamp mlnFODamp

FIGURE 6 | The number of offline-filtered streamlines. Each value is obtained by selecting streamlines that pass through the seed regions from

a whole-brain tractogram containing 10 million streamlines. Values are reported for each of the 10 repetitions of coil placement, that is, seed point,

as well as 10 different minFODamp values.

Figure 7 shows overlap values for the seed-based approach
used in real-time tractography-based neuronavigation. The
overlap percentages for increasing number of streamlines
were computed for each seed, against the corresponding refer-
ence tractogram with 1 million streamlines (see Section 3.2.3).
As expected, the overlap increases with the number of stream-
lines. For comparison, we also computed the overlap between
the results of the offline filtering approach and the reference

“

tractograms. Black dots, “s,” in Figure 7 show the closest

overlap values obtained with the offline filtering results. The
maximum number of dots, 64 out of 160 at 30000 streamlines,
indicates that 40% of the seeds require 30,000 streamlines to
be computed in real time to match the achievable overlap of-
fline. There are 57 dots with arrows at 100000 streamlines,
indicating that 35.6% of the seeds require at least 100,000
streamlines to match offline overlap levels. The remain-
ing 24.4% of the seeds require less than 30,000 streamlines
to be computed in real time to match the achievable offline

8of 15

Human Brain Mapping, 2025

95US01 SUOWIWOD 9A 181D 3]qeot[dde 8y} Ag peusenob afe S9ole YO 9SN J0 S9N Joj AXeigi8UlUQ AS]IM UO (SUONIPUO-pUE-SWRI/LIOO" A8 |IM Aleq 1 [Bul [UO//:SANL) SUONIPUOD pue SWiB | 8u18eS *[6202/S0/8T] o AkeiqiTauliu ABim ‘DuseH JO AIseAlun AQ ZZT0L WAU/Z00T OT/I0p/wWod" A8 [ AreIqipuljuo//:sdny wouy pepeojumod ‘T ‘SZ0¢ ‘€6T0L60T



Overlap percentages for seed-based tractography with respect to number of streamlines

streamline # streamline # streamline # streamline #
o v
S ¥ o
~ o~

I

100K

1

sub-1
seed no

[

0

sub-2
seed no

sub-3
seed no

ol
-

=

1 __

sub-4
seed no

10

BROCA DLPFC M1 V1

175%

Streamline #

Each streamline count (#) combines 10 sets. For
example, '100' includes 10 sets of 10 streamlines, and
'"1K" includes 10 sets of 100 streamlines, all computed
using a different FOD threshold with the seed-based
method used in real-time tractography.

Reference

Reference contains 1M streamlines, combining 10 sets
of 100K, each computed using a different FOD
threshold with the seed-based method used in real-
time tractography.

50%

Comparison against offline overlap

A 100M-streamline whole-brain tractogram was
created offline by combining 10 sets of 10M
streamlines, each using a different FOD threshold.
After filtering it with seeds, its overlap percentage
with the 1M-streamline reference was computed.

® indicates the number of streamlines required to
compute with real-time tractography to match the
overlap of the offline tractogram.

0% ®>indicates that at least 100K streamlines are needed
to compute in real-time to reach the achievable
overlap with offline tractography, which occured 57
times, i.e., 35.6% of the seeds.

25%

Overlap with the reference

FIGURE 7 | Overlap percentages with respect to the number of streamlines. Here, the streamlines are obtained offline with the same method as
the real-time case. The reference contains 1 million streamlines obtained by combining 10 seed-based tractograms (see Section 3.2.3). Each of the 10
tractograms are computed with a different minFODamp value and contains 100,000 streamlines. Black dots show the overlap obtained by filtering
the whole-brain tractograms that contain 100 million streamlines for each seed.

overlap levels by the filtering approach. Seed-based tractogra-
phy covers a large portion of the target area after a few thou-
sands of streamlines—a few seconds in real-time operation.
When compared to the filtering approach, seed-based tractog-
raphy covers a larger portion of the brain after a few tens of
thousands of streamlines for many seed points, for example,
Broca's area of subject #1 or M1 of subject #4.

5 | Discussion

We developed a real-time platform for computing and visual-
izing brain's structural connections, specifically designed for
guiding TMS applications. Our method uses state-of-the-art
tractography practises that have received high scores in inter-
national challenges, providing highly accurate visual represen-
tations. These practises include: (i) a modern FOD computation
method that can handle complex white-matter fiber organiza-
tions (Tran and Shi 2015), (ii) application of anatomical con-
straints (Smith et al. 2012), and (iii) a state-of-the-art fiber
tracking algorithm (Aydogan and Shi 2021). These enhance
tractogram quality over past real-time tools (Golby et al. 2011;
Elhawary et al. 2011; Chamberland et al. 2014).

5.1 | Technical Aspects of Real-Time Tractography

Two methods to obtain streamlines for visualization in real-time
include: (i) performing real-time fiber tracking, as we did, (ii)
pre-computing many streamlines and selecting relevant ones in
real time. The ability to adjust fiber tracking parameters is argu-
ably the most important benefit of our system. Because even for
the same brain, optimal tractography parameters vary depend-
ing on the region or the white-matter tract (Aydogan et al. 2018;
Takemura et al. 2016), and fixing tractography parameters in-
troduces biases across the brain (Girard et al. 2014). Real-time
adjustment of parameters, which can be done through a simple
user interface, is a key advantage when tracking fibers adja-
cent to tumors (Chamberland et al. 2014). On the other hand,
the availability of a pre-computed whole-brain tractogram en-
ables to compute connectivity strengths and matrices (Daducci
et al. 2016)—not possible to compute with real-time seed-based
tractography.

Tractography algorithms involve complexities beyond mere
filtering of tractograms. However, real-time tractography
has advantages when managing computer resources, because
it does not require an interface between the hard drive and

90of15

95US01 SUOWIWOD 9A 181D 3]qeot[dde 8y} Ag peusenob afe S9ole YO 9SN J0 S9N Joj AXeigi8UlUQ AS]IM UO (SUONIPUO-pUE-SWRI/LIOO" A8 |IM Aleq 1 [Bul [UO//:SANL) SUONIPUOD pue SWiB | 8u18eS *[6202/S0/8T] o AkeiqiTauliu ABim ‘DuseH JO AIseAlun AQ ZZT0L WAU/Z00T OT/I0p/wWod" A8 [ AreIqipuljuo//:sdny wouy pepeojumod ‘T ‘SZ0¢ ‘€6T0L60T



memory. On the other hand, large pre-computed whole-brain
tractograms (with 100 million streamlines), require a large
disk space, which can introduce challenges in clinics when
transferring data. While pre-filtering tractograms consider-
ing potential stimulation areas partly addresses this issue, it
adds complexity, especially in cases like motor and speech
mapping when pathology is involved. Additionally, it can pose
challenges if pre-filtering assumptions require modification
during the experiment. Alternatively, tractogram transmis-
sion techniques like TRAKO (Haehn et al. 2020) as well as
strategies like saving only the endpoints or the coarse stream-
line skeletons could help the use of pre-computed tractograms
in clinical settings. We should highlight that doing tractog-
raphy in real time allows for flexible and on-the-fly explo-
ration of brain connections, thereby bypassing the need for
pre-determined stimulation areas. For instance, in a PAS ex-
periment, where the requirement is to target the side opposite
to the initial stimulation site, real-time tractography can be
crucial in deciding the location for the coil.

Overall, both real-time tracking and filtering are suitable for
tractography-assisted neuronavigation, and depending on the
location in the brain, up to several hundreds or a few thousands
streamlines per second can be obtained using standard com-
puters. When compared against alternative offline practices,
our real-time tractography pipeline does not compromise from
quality to speed up the computation. Therefore, doing tractog-
raphy in advance would not have improved the results that we
show to the operator. Future research may lead to alternative
visualization techniques that are capable of combining informa-
tion from offline whole-brain tractograms, which has potential
to enhance user experience and improve reproducibility, in ad-
dition to providing an option to highlight higher-order connec-
tions of the seed region and its connectivity strength with the
rest of the brain.

5.2 | Design Aspects of Streamline Visualization
and TMS Neuronavigation

Our work distinguishes from previous works through the use
of novel visualization techniques: (i) Displaying tractograms
with the peeled brain surface is a natural choice for TMS neu-
ronavigation that was not demonstrated before. (ii) Our dy-
namic, incremental, visualization of streamlines, distributes
the complicated connectivity information along time, helping
the operator to interpret the complex information. In contrast to
previous visualization approaches that show a snapshot for con-
nectivity (Golby et al. 2011; Elhawary et al. 2011; Chamberland
et al. 2014), we are showing a movie, where thousands of stream-
lines can be displayed in an iterative and sequential fashion. (iii)
The uncertainty visualization approach is primarily designed
for improved real-time experience, which to our knowledge, is
the first time that transparency is used to convey information
about uncertainty. While the exact overlap and overreach val-
ues shown in Figure 4 are going to be different for other data
than the ISMRM 2015 challenge dataset, the performance trend
is expected to be similar (Aydogan et al. 2018). As a result, our
proposed uncertainty visualization provides a new view on the
reliability of the streamlines. While we developed new methods
for visualization and provided a qualitative evaluation, future

research could answer whether the approaches quantitatively
benefit the TMS application, for example, by improving treat-
ment outcomes through individualized targeting.

5.3 | Impact of the Seeding Strategy

Our current setup estimates the seed region based on coil posi-
tion and white-matter segmentation. The brain areas affected by
TMS can be better estimated with the E-field distribution (Weise
et al. 2020; Aberra et al. 2020; Sollmann et al. 2016). Even so,
the response to TMS is still uncertain, and the fiber orienta-
tions can play a role (Laakso, Hirata, and Ugawa 2013). Because
our approach does not account for E-field orientation (Souza
et al. 2022), the output visualization should be interpreted ac-
cordingly. Notably, the transfer function in our work can be
modified to reflect the interaction between the E-field and the
visualized connections. Therefore, the integration of real-time
E-field estimates and tractography might improve the accuracy
of future TMS-targeting methods. Because TMS may primarily
affect regions that are close to the coil (Siebner et al. 2022), gyral
bias becomes a major problem for TMS neuronavigation with
tractography. We believe this is reflected in the results shown in
Figure 6. Even with a large number of streamlines (100 million),
we observe that some regions were not reached by tractography,
for example, V1 of subject #3. Starting with a whole-brain trac-
togram and selecting streamlines passing through a certain re-
gion results in a set of streamlines that follow various pathways,
each supported by different FOD magnitudes. Depending on the
underlying FOD data, the region may be connected with more
streamlines supported by low FOD amplitudes or, conversely,
more supported by high FOD amplitudes. This distribution is
affected by various factors, including the region's connectivity
to different parts of the brain, some of which are nearby and
others more remote. Consequently, also depending on the other
connections in the rest of the brain, altering the FOD threshold
can increase, decrease, or maintain the number of connections
associated with the region. In Figure 6, we not only observe poor
streamline counts, but we also see a large variability for differ-
ent subjects. For instance, while several thousands of stream-
lines could be obtained for most of the seeds in Broca's area of
subject #2, no streamlines could be obtained for subject #1 and
subject #3 for many seeds in the same region. Some of this vari-
ability may be due to differences in brain structure between in-
dividuals; however, we believe that the poor dMRI signal and
fiber configuration variability around the cortex can be more
significant factors. These highlight that even though we care-
fully adapted the state-of-the-art practices in our pipeline, there
is room for improvement.

5.4 | Immediate Applications of Real-Time
Tractography-Assisted TMS Neuronavigation

nTMS has been used with tractography to improve surgical out-
comes (Picht et al. 2016) by identifying and visualizing eloquent
motor areas during pre-operative planning (Frey et al. 2014).
This is achieved by finding and saving nTMS-based seed points
in a disk or hospital's picture archiving and communication
system (PACS) (Mikeld et al. 2015), followed by neurosurgeons
using a separate software for seed-based tractography. Real-time
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tractography-assisted TMS neuronavigation can save time and
costs by eliminating the need for a separate tractography step.
Furthermore, our system holds the potential to enhance existing
neurosurgical workflows by offering detailed insights into brain
connectivity. This is particularly important for targeted stim-
ulation therapies aimed at treating neurological disorders like
MDD (Riva-Posse et al. 2014). Additionally, our system can lead
to innovations in surgical interventions since it enables the de-
velopment of novel, personalized surgical strategies, which are
tailored to the unique structural connectivity of each patient's
brain (Shi et al. 2022; Eibl et al. 2024), as guided by functional
measurements obtained through TMS. This capability not only
has the potential to improve surgical precision but also to en-
hance treatment outcomes.

Our real-time tractography-assisted neuronavigation could
be highly useful for PAS (Koch and Rothwell 2009; Koch
et al. 2010). PAS has been shown to induce plastic changes
(Classen et al. 2004), by involving stimulation of multiple tar-
gets, for example, two brain regions connected with cortico-
cortical projections. Traditionally, one of the targets is set during
the experiment based on functional measurements while the
other targets are set manually based on anatomical MRI (Koch
et al. 2013). For example, in Arai et al. (2012), a PAS experiment
targeted the supplementary motor area (SMA) and M1. The M1
coil position was determined during the experiment based on
electromyography (EMG) measurements in the first dorsal in-
terosseous (FDI) muscle, while the SMA coil position relied on
scalp-based measures. Similarly, Di Lorenzo et al. (2018) con-
ducted a PAS experiment targeting M1 and the posterior parietal
cortex (PPC), determining M1 placement during the experiment
but using scalp-based positioning for PPC. Recently, Hernandez-
Pavon et al. (2022) used dMRI-based tractography to post hoc
demonstrate that their stimulation sites were connected. While
coil positions for PAS can be determined prior to the experiment
or using scalp-based measures, these paradigms often study ef-
fective connectivity between selected regions, with one target
determined during the experiment. Real-time tractography-
assisted neuronavigation enables more precise and personalized
PAS protocols by identifying pairs that are structurally con-
nected to each other during the experiment.

Recent developments in multi-channel TMS technology (Souza
et al. 2022; Nieminen et al. 2022) opened a possibility for auto-
mated targeting (Tervo et al. 2022) and fast mapping of brain
functions. Real-time tractography can play an important role for
automated scanning algorithms to optimize stimulation param-
eters based on the underlying brain network. This would enable
precise targeting of local and whole-brain networks for person-
alized connectomic neuromodulation (Horn and Fox 2020).

Our system currently does not record streamlines during real-
time operation; however, we record the seed regions used to
compute them, which can be used for post hoc analysis. The
saved regions can be leveraged after the TMS measurement to
investigate higher-order connections, study associated brain
networks, or perform tractometric analyses to examine along-
track properties (Yeatman et al. 2012). Additionally, post hoc
analysis enables linking structural connections to TMS-induced
responses, such as those measured with EMG, EEG, fMRI, or

clinical and behavioral outcomes, helping the interpretation of
TMS effects.

5.5 | Limitations

We believe tractography's limited accuracy, impacted by vari-
ous factors, is the primary challenge for real-time tractography-
assisted neuronavigation. dMRI data acquired with low
resolution and/or few diffusion samples (Calabrese et al. 2014),
and sub-optimal pre-processing choices could lead to low qual-
ity tractograms (Irfanoglu et al. 2012). Modern microstructure
models, capable of distinguishing crossing fibers, have proven
superior in tractography results compared to traditional tech-
niques like DTI (Farquharson et al. 2013). The choice of tractog-
raphy algorithms (Sarwar, Ramamohanarao, and Zalesky 2019),
and the use of anatomical constraints were also shown to affect
the results (Smith et al. 2012). Tractography is known to per-
form worse where fibers cross (Jeurissen et al. 2013). Moreover,
the two-year long (2019-2020) IronTract challenge (https://
irontract.mgh.harvard.edu/) showed that fiber configurations
that go beyond crossing, for example, fanning, branching, can
be more challenging for tractography (Maffei et al. 2020, 2022;
Schilling et al. 2022). Due to differences in fiber configuration
in gray and white matter, and the folded geometry of the brain,
tractography algorithms also tend to be biased towards termi-
nating the streamlines at gyral crowns (Reveley et al. 2015).
Overall, tractograms contain large amounts of false positives
and false negatives as has been shown in several previous valida-
tion studies and tractography competitions (Thomas et al. 2014;
Maier-Hein et al. 2017; Schilling et al. 2019; Aydogan et al. 2018;
Girard et al. 2020; Maffei et al. 2020, 2022). While the lack of
standard protocols for image acquisition and other steps pose
challenges for the translation of tractography-based techniques
into clinics, there are ongoing efforts to establish consensus and
standardization, for example, by the ISMRM Diffusion MRI
Study Group. Despite the lack of widely accepted guidelines,
there are resources that provide valuable insights such as the
ConnectomeDB (Hodge et al. 2016). Moreover, advancements
in MRI hardware and sequences can significantly enhance
the quality of dMRI data. Techniques such as the HIBRID
method (Fan et al. 2017) and the high-resolution protocol used
in Nummenmaa et al. (2014) demonstrate the potential for im-
proving the estimation of cortical fiber orientations and complex
fiber configurations in the deep white matter.

In addition to the inherent limitations associated with tractog-
raphy, our experiments were conducted with a small and homo-
geneous sample of four healthy male volunteers aged between
30 and 42, targeting four specific areas with TMS. Future stud-
ies should aim to include a more diverse and larger sample size
and expand the set of targets to validate the broader applicabil-
ity of real-time tractography-assisted neuronavigation. Another
limitation concerns the specific parameters we used for dMRI
acquisition, processing, and tractography, which influence the
outcomes. Future studies would benefit from investigating the
impact of these parameters on the results. By comparing our
streamlines to the ISMRM 2015 tractography challenge results,
we studied how the reconstructed connections in our study meet
this key benchmark. Our evaluation on both synthetic and real

11 of 15

85U80| 7 SUOWILLOD BRSO 3|qeolidde aup Aq peusenob a2 sejolie VO ‘SN JO Sa|nu Joj Areiqi8UIUO AB]IM UO (SUORPUOD-PUR-SLLBY OO A8 |IM"Al.q BUIIUO//SAIY) SUORIPUOD PUe SWS | 38U} 885 *[S5202/50/8T] U0 ARigiTaulluO AB|IM ‘MUSEH JO AISRAIN AQ 22T0L WAU/Z00T OT/I0p/L0 A8 |IMAle.q 1 UIIUO//SANY W14 papeojuMod ‘T ‘520z ‘E6T0L60T


https://irontract.mgh.harvard.edu/
https://irontract.mgh.harvard.edu/

data was largely focused on quantitative measures, such as the
number of streamlines and overlap percentages. However, this
approach may overlook qualitative aspects, such as the clinical
relevance of the visualized pathways and their interpretability
by clinicians. We believe future experiments could benefit from
a more comprehensive evaluation approach that incorporates
qualitative feedback from TMS operators and neurosurgeons on
the utility and user-friendliness of the system. Similarly, while
we view the proposed uncertainty visualization in tractography
as a significant advancement in conveying information about
tractogram reliability, its practical impact on clinical decision-
making and TMS neuronavigation was not within the scope
of this study and remains underexplored. Further research is
necessary to understand how uncertainty information is inter-
preted by practitioners in real-time scenarios and its influence
on clinical outcomes.

In our study, we selected the region of interest in the brain
for computing the tractography seeds without incorporating
the TMS-induced E-field. Our ongoing efforts to integrate E-
field estimates based on realistic head models into our neuro-
navigation system (Soto et al. 2023) are expected to provide
more accurate structural connections likely affected by the
TMS pulse.

Ensuring consistent targeting of the same connections with real-
time tractography is critical for reliable TMS applications. Our
previous work demonstrated a repeatability of less than 1 mm in
translation and 1° in rotation for manual coil placement in our
neuronavigation system (Souza et al. 2018). While the current
study focuses on the feasibility of real-time tractography, a com-
prehensive evaluation of the repeatability of the obtained con-
nections with larger, dedicated datasets, and its relationship to
coil placement, remains an important direction for future work.
Such consistent targeting of structural connections with high
repeatability also requires precise seed localization relative to
coil placement, which further emphasizes the inclusion of TMS-
induced E-field estimations for determining seed regions.

While the aforementioned limitations impact the quality of
tractography and our results, we believe that our techniques
represent a significant progress in tractography-assisted neuro-
navigation, proposing a solution that shows the brain’'s anatom-
ical connections in a way that is most accurate and helpful for
brain stimulation, especially for TMS applications.

6 | Conclusion

We developed a real-time tractography-assisted neuronavigation
system for TMS. To the best of our knowledge, the proposed sys-
tem, distinguished by its unique features, is the first of its kind.
Our neuronavigation software, InVesalius (https://invesalius.
github.io/), which integrates our fiber tracking tool, Trekker
(http://dmritrekker.github.io), are both open source projects
hosted on GitHub. We anticipate that this technology is a critical
step towards personalized brain stimulation targeting based on
anatomical networks with potential applications in research and
clinical environments.
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