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Abstract

Objective: This study was undertaken to reliably estimate individual-specific
resting-state cortical networks and determine whether language network topog-
raphy can predict task-based language dominance in drug-resistant epilepsy.
Methods: We utilized a multisession hierarchical Bayesian model (MS-HBM)
trained on drug-resistant epilepsy patients to map high-quality individual-specific
cortical networks in this population (n=65) with only 6-24 min of resting-state
functional magnetic resonance imaging (fMRI). We compared the quality of
networks to MS-HBM models trained on healthy participants from the human
connectome project (n=40) and tested the generalizability of the model in an
independent cohort of drug-resistant epilepsy participants (n=26). Resting-state
language network topography was then used to predict task-based language
dominance.

Results: Ninety-one participants with drug-resistant epilepsy (National Institutes
of Health, n=65; University of Iowa, n=26) were included: 61 (67.0%) temporal
lobe epilepsy, 29 (31.9%) extratemporal lobe epilepsy, and one (1.1%) undeter-
mined seizure onset zone. The mean age was 33.0+11.4years, and 50 (54.9%)
were male. There were 40 healthy participants with a mean age of 29.0 + 4.0 years,
and 16 (40.0%) were male. MS-HBM trained on drug-resistant epilepsy estimated
individual-specific networks that more accurately capture cortical functional
organization than group-average networks or MS-HBM trained on healthy par-
ticipants. The trained MS-HBM model generalized to an independent cohort of
drug-resistant epilepsy participants with concurrent intracranial electrical stimu-
lation and fMRI. Critically, cortical evoked fMRI activity aligned more closely with
individual-specific networks than with group-average networks. Furthermore,
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1 | INTRODUCTION

Identifying the hemisphere of language dominance
is a crucial step in planning surgery for epilepsy, as it
has direct implications for preoperative counseling
and postsurgical language outcomes.! Current clinical
guidelines recommend task-based functional magnetic
resonance imaging (fMRI) as a noninvasive alternative
to reduce complications from the intracarotid
amobarbital test.””* In this context, task-based language
dominance refers to the hemispheric asymmetry of
language processing, assessed by comparing the extent
of language-related task-fMRI activation between the
left and right hemispheres during language tasks.
However, task-based fMRI is highly dependent on
patient compliance and task design.>® Resting-state
fMRI avoids these limitations by removing the need
for patient participation and can map multiple brain
functions using a single scan.’

However, prior studies using resting-state fMRI to pre-
dict task-based language dominance in drug-resistant ep-
ilepsy have reported only modest prediction accuracy,® !
possibly because previous methods were unable to fully
account for interindividual variability in language net-
work topography. Furthermore, although numerous stud-
ies have reported alterations in resting-state functional
connectivity in drug-resistant epilepsy,”*™*® far less is
known about the organization and behavioral relevance
of individual-specific cortical networks in this popula-
tion. Thus, we aimed to characterize individual-specific
cortical networks and investigate the clinical utility of the
language networks for improving prediction of language
dominance in participants with drug-resistant epilepsy
using a precision functional mapping approach.

Precision functional mapping is a technique used to
delineate functional brain organization using resting-
state fMRI at the individual level rather than relying
on population-averaged atlases.'®'® This approach is

individual-specific language network topography significantly predicted task-
based language dominance, achieving high accuracy for left (area under the curve
[AUC] =.82), bilateral (AUC =.72), and right (AUC =.83) dominance.

Significance: These results demonstrate that MS-HBM captures functionally
meaningful network reorganization in drug-resistant epilepsy and enables
accurate, individual-level prediction of language lateralization, with direct

implications for presurgical functional mapping.

functional magnetic resonance imaging, language lateralization, multisession hierarchical
Bayesian model, precision functional mapping

Key points

« Existing resting-state fMRI methods have
limited ability to predict language dominance
for epilepsy surgery.

« Precision functional mapping techniques allow
reliable estimation of interindividual variability
in large-scale resting-state networks.

« MS-HBM can map high-quality individual-
specific cortical networks in drug-resistant
epilepsy using only 6-24 min of data.

« Individual-specific language network
topography predicted task-based language
dominance well in individual patients.

motivated by interindividual variability in large-scale
functional networks'”'® as well as systemic differences be-
tween healthy and pathological brains.*** Thus, mapping
the individual's functional networks in neurological and
psychiatric disease holds promise for prognostication,*!
network-guided neuromodulation,”® and neurosurgical
practice.®*

A major barrier to clinical translation, however, has
been the long scan duration—at least 1h—traditionally
required for precision functional mapping.>*"*> We pre-
viously developed a multisession hierarchical Bayesian
model (MS-HBM) that overcomes this limitation by en-
abling reliable estimation of individual-specific networks
from limited data; MS-HBM networks obtained using only
10min of data were comparable to other approaches re-
quiring 50 min of data.?® Individual-specific differences in
MS-HBM network topography have been shown to predict
interindividual variation in cognition and mental health*®
and aligned with individual-level task-evoked activity.'®
By substantially reducing scan time requirements, this
approach might enable precision functional mapping to
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become feasible in routine clinical settings, where patients
might not be able to tolerate long scans.

In this study, we demonstrate that MS-HBM trained on
drug-resistant epilepsy patients can be used to map high-
quality individual-specific cortical networks in this popula-
tion using only 6-24 min of resting-state fMRI (which was
the range of scan durations in both drug-resistant epilepsy
cohorts analyzed). The resulting individual-specific corti-
cal networks conformed better to new resting-state fMRI
data from the same participants than both group-average
networks and MS-HBM trained on healthy individuals.
Furthermore, in an independent drug-resistant epilepsy
cohort with concurrent intracranial electrical stimulation
and fMRL? cortical evoked activity aligned better with
individual-specific networks than with group-average
networks. Finally, we showed that individual-specific
language network topography predicted task-based lan-
guage dominance well in individual patients. Together,
these findings demonstrate that MS-HBM can capture
individual-specific network organization in epilepsy and
reliably predict language lateralization in individuals.

2 | MATERIALS AND METHODS

2.1 | Participants and datasets

In this study, we included one open-source dataset of
healthy participants and two independent datasets of
participants with drug-resistant epilepsy undergoing
presurgical evaluation. Human Connectome Project (HCP)
participants had a mean age of 29.0 +4.0years, 16 (40.0%)
were male, and 12 (30.0%) self-reported as non-White and/
or Hispanic. National Institutes of Health (NIH) epilepsy
participants had a mean age of 31.9+11.2years, and 33
(50.8%) were male. Of these, 42 (64.6%) had temporal
lobe epilepsy and 23 (35.4%) had extratemporal lobe
epilepsy (Table S1). Electrical stimulation fMRI (esfmri)
participants had a mean age of 35.8+11.5years, and 17
(65.4%) were male. Of these, 19 (73.1%) had temporal
lobe epilepsy, six (23.1%) had extratemporal lobe epilepsy,
and one (3.8%) had undetermined seizure onset zone
(Table S2).

All datasets included structural and resting-state fMRI
scans. In the esfmri dataset, postoperative fMRI was ac-
quired with concurrent intracranial electrical stimula-
tion delivered through stereoencephalographic electrodes
and interleaved with echo planar imaging volume ac-
quisition.?” Alternating blocks of approximately 30s of
no stimulation or stimulation were delivered during the
fMRI scan. No cognitive task was given to the participant,
and no behavioral effects were evoked during the stimu-
lation period. Preprocessing of imaging data followed the
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surface-based pipeline of Yeo et al.?** Further details
regarding the demographics, data collection, and prepro-
cessing are provided in the Supplementary Methods. After
preprocessing, there were 40 HCP participants with four
runs each. Of the 48 NIH participants with two or more
runs, 34 (70.8%) participants were used for the training
set, and 14 (29.2%) participants were used for the test set.
For the esfmri dataset, there were 11 participants that had
at least two valid preoperative runs and 17 participants
that had at least two valid postoperative runs (Figure 1A).

2.2 | Derivation of group-average
networks and training of MS-HBM for
estimating individual-specific networks

Our approach has been described previously.”®*° At each
cortical region (81924 vertices), Pearson correlation
between the fMRI time series and 1175 regions of interests
were binarized by keeping the top 10% of correlations.
The connectivity profiles were then clustered using a
mixture of von Mises-Fisher distributions to derive
the group-average 15 networks.”*® The 15-network
solution used in this study follows prior work and can
be grouped into nine canonical functional systems,
including visual, somatomotor, auditory, limbic, control,
dorsal attention, salience/ventral attention, language,
and default networks.'®”® In addition to computing
group-average networks for the 40 HCP participants
and 34 NIH participants, we also compared our results
to group-average networks derived from an independent
dataset of 15 intensively sampled healthy participants.'®
Next, we trained MS-HBM models on either the 40
HCP participants (using the HCP group average or Du
group average) or 34 NIH participants to estimate model
parameters. Further details on the training of MS-HBM
may be found in the Supplementary Methods. Individual-
specific networks were visually confirmed using model-
free seed-based functional connectivity. Intersubject
similarity in network topography across the 15 networks
was quantified using the Dice similarity coefficient across
all 57 NIH participants with at least one valid run.

2.3 | Validation and generalization of
MS-HBM trained on drug-resistant

epilepsy

To evaluate the quality of individual-specific networks es-
timated from MS-HBM trained on drug-resistant epilepsy
or healthy participants, we computed two previously es-
tablished metrics'”'®?**3%: the weighted resting-state

connectional homogeneity and weighted task (electrical
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(A) Overview of analysis and population flowcharts

1. Model development

2. External validity

3. Language laterality

65 NIH participants 26 esfmri participants
d y drug-resistant epilepsy

rug-resistant epileps

65 NIH participants
drug-resistant epilepsy

17 participants
<2 rs-fMRI runs

Model training:
34 (70.8%)

Model testing: L
14 (29.2%)

pre-operative data:

48 participants — 11 participants 57 participants
22 rs-fMRI runs \_ 22 rs-fMRIruns ) 21 rs-fMRI run

post-operative data:

17 participants
\_ 22 es-fMRI runs )

8 participants
no rs-fMRI

14 participants
no task-fMRI

43 participants
language test

(B) Model training for estimating individual-specific networks

HCP group-average

Du group-average

NIH group-average

|:|Dorsal Attn A
[Blporsal Attn B

Wvisual A

Wvisuai B

.Somatomotor A .SaINent Attn A
DSomatomotor B DSaINent Attn B

Train MS-HBM ] [ Train MS-HBM j [JAuditory WlLanguage A
(HCP 40 participants) (HCP 40 participants) [WlLimbic A WLanginef B
MlLimbic B [Cpefault A

} |

D Control *

[ Estimate individual-specific networks

Train MS-HBM
( (NIH 34 participants)

FIGURE 1 Study overview and population flowchart. (A) We developed a multisession hierarchical Bayesian model (MS-HBM) model

for estimating individual-specific networks in drug-resistant epilepsy, validated and tested the model in an independent dataset, and showed

that the topography of individual-specific language networks was able to predict task-based language dominance. (B) Group-average

networks from healthy participants of the Human Connectome Project (HCP) dataset, the Du atlas, or drug-resistant epilepsy participants

from the National Institutes of Health (NIH) dataset were used to train different MS-HBM models. Fifteen network labels were shown for

NIH group-average networks. Networks in drug-resistant epilepsy appeared more focal compared to healthy participants. Attn, attention; es-

fmri, electrical stimulation functional magnetic resonance imaging; Lang, language; Def, default; rs-fMRI, resting-state functional magnetic

resonance imaging; Sal, salience; Vent, ventral.

stimulation) functional inhomogeneity. These metrics en-
code the principle that if an individual-specific network
captured the system-level organization of the individual's
cortex, each network should exhibit homogeneous con-
nectivity and function.

We first evaluated the resting-state homogeneity
of each network on the NIH test set of 14 participants
that were not used for training MS-HBM. The general-
izability of the MS-HBM model was then tested using
preoperative (11 participants) and postoperative (17
participants) esfmri data, as well as task inhomogene-
ity during electrical stimulation in the postoperative
data. For estimating individual-specific networks in the

postoperative data, we used only blocks with no stimu-
lation after discarding the first four frames of each block
to remove residual effects of the hemodynamic response
from the previous block.*?

To ensure that runs used for estimating individual-
specific networks were independent from runs used for
computing evaluation metrics, we used a leave-one-run-
out cross-validation method. For each participant with n
valid runs, individual-specific networks were estimated
using n — 1 runs, and evaluation metrics were com-
puted on the left-out run. This was repeated for all runs,
and an average result was obtained for each participant.
Statistical tests were performed using two-tailed paired
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t-tests between each pair of networks (df=number of
participants — 1). Statistical significance was taken to be
q < .05 after false discovery rate correction.

The average resting-state homogeneity and task in-
homogeneity were compared across six networks: (1)
HCP group-average networks, (2) individual-specific
networks estimated using HCP MS-HBM, (3) Du group-
average networks, (4) individual-specific networks es-
timated using Du MS-HBM, (5) NIH group-average
networks, and (6) individual-specific networks esti-
mated using NIH MS-HBM. Resting-state homogeneity
was computed by averaging the Pearson correlations
between each vertex's time course and the average
time course of its network. The correlations were then
averaged across all 15 networks while accounting for
network size.’**?? Thus, resting-state homogene-
ity measures the similarity of fMRI time series among
vertices within the same network, with higher values
indicating that network assignments reflect coherent
functional organization.

Task inhomogeneity was computed as the average SD
of cortical activation z-scores within each network from
unthresholded generalized linear models of intracranial
electrical stimulation.** The SD was then averaged across
all 15 networks while accounting for network size.?**!*
Thus, task inhomogeneity measures the variability of
evoked activation within each network, with lower val-
ues indicating that network boundaries more accurately
separate functionally distinct regions. Further details on
the computation of the generalized linear models are
provided in the Supplementary Methods. To visualize
the effects of intracranial electrical stimulation on cor-
tical networks, group-average network boundaries and
individual-specific network boundaries were overlayed
on the electrical stimulation z-score activation maps. We
hypothesized that electrical stimulation-evoked activity
would align more closely to individual-specific network
boundaries than group-average network boundaries.

2.4 | Predicting language dominance
using individual-specific network
topography

All patients underwent language task fMRI using
an auditory description decision task as described
previously.>!' Task-based language dominance was
determined by a trained epileptologist (S.I.) through
visual inspection of activation maps in the frontal and
temporal regions at three thresholds (p <.01, p <.001, top
10% of activations) and confirmed at a multidisciplinary
epilepsy conference. Task-based language dominance
refers to the dominant hemisphere for language, assessed

Epilepsia-*

by comparing the extent of cortical activation between the
left and right hemispheres during the auditory description
decision task. There were a total of 43 NIH participants
with valid task language dominance and at least one valid
resting-state fMRI run.

In several participants with drug-resistant epilepsy, re-
gions typically associated with the language network ex-
hibited connectivity patterns characteristic of the default
mode network, suggesting network reorganization. To
capture this variability, we computed a resting-state later-
ality index (LI) based on the network topography of both
the Language A and Language/Default B networks:

LH - RH

Resting — state LI = ————
LH+RH

(€]
where LH and RH represent the number of vertices in
the left and right hemispheres, respectively, assigned
to the individual-specific Language A and Language/
Default B networks. Unlike task-based fMRI, resting-
state fMRI does not provide stimulus-evoked activation
magnitudes. Thus, the laterality index was computed
based on the number of vertices assigned to the language
networks in each hemisphere, reflecting the spatial
distribution of language network topography. Resting-
state LI values for participants with left, bilateral, or
right task-based language dominance were compared
using one-way analysis of variance, with p <.05 consid-
ered statistically significant. Finally, receiver operating
curves and area under the curve statistics were com-
puted to evaluate the predictive power of resting-state
LI for each language dominance group.

3 | RESULTS

3.1 | Participants and datasets

We analyzed 131 participants, including 40 healthy partic-
ipants from the HCP, 65 participants with drug-resistant
epilepsy from the NIH epilepsy center, and 26 partici-
pants with drug-resistant epilepsy from the University of
Iowa (esfmri dataset). HCP participants had a mean age
of 29.0+4.0years, and 16 (40.0%) were male. NIH partici-
pants had a mean age of 31.9 +11.2years, and 33 (50.8%)
were male. Forty-two (64.6%) participants had tempo-
ral lobe epilepsy, and 23 (35.4%) had extratemporal lobe
epilepsy (Table S1). esfmri participants®’ had a mean age
of 35.8+11.5years, and 17 (65.4%) were male. Nineteen
(73.1%) participants had temporal lobe epilepsy, six
(23.1%) had extratemporal lobe epilepsy, and one (3.8%)
had undetermined seizure onset zone (Table S2). Further
details regarding the data collection and preprocessing are
provided in Materials and Methods.
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3.2 | Model training and testing

We analyzed 40 HCP and 48 NIH participants who had
two or more resting-state fMRI runs to train and test MS-
HBM. Participants used for training MS-HBM models
were kept separate from participants used for testing
the quality of individual networks estimated by MS-
HBM. Of the 48 NIH participants, 34 (70.8%) were used
for the training dataset, and 14 (29.2%) were used for
testing dataset (Figure 1A). To train MS-HBM models,
we first estimated group-average networks of the 40 HCP
participants and 34 NIH participants.”’ We also compared
our results to group-average networks derived from an
independent dataset of 15 intensively-sampled healthy
participants from Du et al.'®

Group-average networks in drug-resistant epilepsy
were categorized into nine canonical groups (visual, so-
matomotor, auditory, limbic, control, dorsal attention,
salience/ventral attention, language, and default), which
were broadly consistent with prior literature.'®*%3°
Group-average networks in healthy participants were
more spatially distributed than those in drug-resistant
epilepsy (Figure 1B). For example, association networks
such as the control network were subdivided into three
networks in HCP data,?® but were represented by a sin-
gle, less distributed network in drug-resistant epilepsy.
Instead, two spatially focal limbic networks emerged in
orbitofrontal and parahippocampal regions. These differ-
ences were not explained by motion, as the average relative
root mean square framewise displacement was .059 +.023
versus .076 +.015 and the average voxelwise differentiated
signal variance was 23.0+4.6 versus 58.4 + 6.8 for the NIH
dataset compared to the HCP dataset, respectively.

To better understand differences in group-average
networks between drug-resistant epilepsy and healthy
participants, we computed the correlation of the group-
average functional connectivity between the two groups
(Figure 1). In primary sensory and motor regions, there
was high similarity (yellow) between the two groups.
However, regions of lower similarity (red) were apparent
along network boundaries and in higher order association
cortex. These differences were further illustrated using
seed-based functional connectivity to show that despite
using identical seeds, there were clear visual differences
between the HCP and NIH group-average functional con-
nectivity (Figure S2).

Next, we computed MS-HBM parameters using data
from (1) the 40 HCP participants and the HCP group aver-
age (HCP MS-HBM), (2) the 40 HCP participants and the
Du group average (Du MS-HBM), or (3) the 34 NTH partic-
ipants and the NIH group average (NIH MS-HBM). After
training MS-HBM, each model was then used to estimate
individual-specific networks in the NIH participants with

drug-resistant epilepsy. Using NIH MS-HBM, individual-
specific networks captured interindividual variability
while preserving canonical topographical features of
healthy participants. Notably, some participants showed
altered language network organization; inferior frontal
language regions exhibited stronger connectivity with
middle temporal and temporopolar areas typically associ-
ated with the default mode network in healthy individu-
als (Figure 2A,B). These differences in language network
connectivity were visually confirmed using identical seeds
placed in the inferior frontal and lateral temporal regions
across participants (Figure 2C).

Quantitatively, intersubject variability was highest in
the association networks such as the salience/ventral at-
tention, dorsal attention, control, and language networks
(Dice similarity coefficient = .35-.50), as compared to the
somatomotor and visual networks (Dice similarity coeffi-
cient = .66-.71; Figure 2D). Comparing intersubject vari-
ability of the NIH drug-resistant epilepsy cohort to the
intersubject variability of the HCP test set of 596 subjects
from Kong et al.*® (Figure S3B), we note that both groups
show a similar spatial pattern of higher similarity in pri-
mary sensory/motor cortex and lower similarity in associ-
ation cortex. However, the epilepsy cohort showed notably
lower intersubject similarity in association regions (Dice
similarity coefficient = .35-.50) compared to healthy con-
trols (Dice similarity coefficient = .51-.61). This increased
idiosyncrasy in the epilepsy group further motivates the
use of individual-specific networks, as group-average net-
works would fail to capture the individual variability in
drug-resistant epilepsy.

Finally, in the held-out set of 14 NIH participants, we
compared the quality of individual-specific networks esti-
mated from the three MS-HBM models and group-average
networks from the HCP data, Du atlas, or NIH data using
an established metric, resting-state connectional homo-
geneity.!”'#2%332 Tg ensure that runs used for estimating
individual-specific networks were independent from runs
used for computing evaluation metrics, we used a leave-
one-run-out cross-validation method. For each partici-
pant with n valid runs, individual-specific networks were
estimated using n — 1 runs, and evaluation metrics were
computed on the left-out run. This was repeated for all
runs, and an average result was obtained for each partici-
pant. We observed that individual-specific networks esti-
mated using NIH MS-HBM performed significantly better
than all group-average networks (HCP group: p<.001,
Du group: p<.001, NIH group: p=.003) and MS-HBM
trained on healthy participants (HCP MS-HBM: p <.001,
Du MS-HBM: p<.001), even after correcting for multi-
ple comparisons (Figure 3A). Notably, these results were
consistent when the analysis was repeated specifically for
the language networks (Figure S4A), which showed high
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(A) NIH sub-p80 individual networks  (B)

(C) Language network connectivity

inf frontal

lat temporal

NIH sub-p262
O 0.6
correlation coefficient

NIH sub-p80

Epilepsia-

NIH sub-p262 individual networks

0.3 07
Dice similarity coefficient

FIGURE 2 Individual-specific resting-state cortical networks in drug-resistant epilepsy. (A, B) Individual-specific networks of two
representative National Institutes of Health (NIH) participants estimated using the NIH multisession hierarchical Bayesian model. (C)
Language network boundaries of both participants showing functional connectivity from identical seeds placed in the inferior (inf) frontal
and lateral (lat) temporal region to different language networks in the two subjects. (D) Dice similarity coefficient for the 15 networks
across all 57 NIH participants. Higher Dice coefficients (yellow) indicate greater intersubject topographic similarity, whereas lower Dice

coefficients (dark red) indicate higher variability. Intersubject variability in drug-resistant epilepsy is higher in association than sensory
networks. sub-p80, sub-p262 denotes subject number 80 and subject number 262.

interindividual variability in the drug-resistant epilepsy
cohort.

3.3 | Validation in an independent
dataset

MS-HBM trained on healthy participants might perform
worse than NIH MS-HBM because of site and scanner
differences. Therefore, we tested whether NIH MS-HBM
was generalizable to an independent dataset of drug-
resistant epilepsy.”’ In the esfmri dataset, there were
11 participants who had at least two preoperative runs
and 17 participants who had at least two postoperative
runs (Figure 1A). We observed that individual-specific
networks estimated using NIH MS-HBM performed
significantly better in resting-state homogeneity than all
group-average networks and MS-HBM trained on healthy
participants (p <.001 for all comparisons using either the
preoperative or postoperative data), even after correcting
for multiple comparisons (Figure 3B,C).

In the esfmri dataset, postoperative fMRI was ac-
quired with concurrent intracranial electrical stimulation

delivered through stereoencephalographic electrodes that
was interleaved with echo planar imaging volume acqui-
sition using alternating blocks of 30s of stimulation or no
stimulation.”” Thus, we used a second established metric,
task (electrical stimulation) inhomogeneity, to compare
the quality of the individual-specific or group-average
networks. Cortical evoked activity during electrical stim-
ulation was computed using generalized linear models,*
and electrical stimulation inhomogeneity was computed
using the average SD of cortical activation z-scores within
each network while accounting for network size.”**"** A
higher SD indicated higher task inhomogeneity.

We observed that individual-specific networks esti-
mated using NIH MS-HBM performed significantly better
than all group-average networks for electrical stimulation
inhomogeneity (HCP group: p<.001, Du group: p <.001,
NIH group: p=.002), even after correcting for multiple
comparisons (Figure 4A). During concurrent intracranial
electrical stimulation and fMRI scans, cortical evoked
activity aligned better with individual-specific network
boundaries than group-average network boundaries
(Figure 4B). These results were consistent when the anal-
yses were repeated specifically for the language networks
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FIGURE 3 Resting-state homogeneity of group-average (avg) and individual (ind)-specific networks. Individual-specific networks

estimated using the National Institutes of Health (NIH) multisession hierarchical Bayesian model (MS-HBM) outperformed group-average

networks or MS-HBM trained on healthy participants. Results were consistent across the (A) NIH test set, (B) electrical stimulation

functional magnetic resonance imaging (esfmri) preoperative data, and (C) esfmri postoperative data. Six different networks were evaluated:

(1) group-average and (2) individual-specific networks estimated from the Human Connectome Project (HCP) data; (3) group-average and

(4) individual-specific networks estimated from the Du atlas; and (5) group-average and (6) individual-specific networks estimated from the

NIH data. Left: boxplots of median resting-state homogeneity. Right: t-test p-values comparing pairs of approaches. Green indicates that the

approach on the row performed significantly better than the column, red indicates worse, and gray indicates nonsignificant differences, after

correcting for multiple comparisons using a false discovery rate of g <.05. fMRI, functional magnetic resonance imaging.

(Figure S4B-D). Taken together, these results suggest
that NIH MS-HBM estimated high-quality, generalizable
individual-specific networks that captured the functional
organization of the cortex better than group-average net-
works or MS-HBM trained using healthy participants.
Finally, we evaluated model performance as a function
of training dataset size by training MS-HBM using subsets
of 5, 10, 15, 20, 25, and 30 participants, and comparing

performance to the full training set of 34 participants
(Figure S5). Across all evaluation metrics, performance
improved with increasing training sample size up to 20-25
participants. Beyond 20 participants, performance im-
provements became progressively smaller and statistically
nonsignificant, suggesting that relatively modest sample
sizes were sufficient to achieve near-optimal performance
with MS-HBM.
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FIGURE 4 Electrical stimulation inhomogeneity and evoked cortical activation map. Individual (ind)-specific networks estimated

using the National Institutes of Health (NIH) multisession hierarchical Bayesian model performed the best in electrical stimulation

inhomogeneity, and network boundaries aligned better to electrical stimulation-evoked activity compared to group-average (avg) networks.

(A) Left shows boxplots of median electrical stimulation inhomogeneity across the six networks: (1) group-average and (2) individual-

specific networks estimated from the Human Connectome Project (HCP) data; (3) group-average and (4) individual-specific networks

estimated from the Du atlas; and (5) group-average and (6) individual-specific networks estimated from the NIH data. Right: t-test p-values

comparing pairs of approaches. Green indicates that the approach on the row performed significantly better than the column, red indicates

worse, and gray indicates nonsignificant differences, after correcting for multiple comparisons using a false discovery rate of g <.05. (B)
Generalized linear model (GLM) of electrical stimulation during functional magnetic resonance imaging (fMRI) showing z-score normalized

beta-coefficients overlayed with the NIH group-average network boundaries on the left and the participant's individual-specific network

boundaries on the right. White arrowheads show evoked activity that aligned better with individual-specific networks than group-average

networks. esfmri, electrical stimulation fMRI.

3.4 | Prediction of task-based language
dominance

Having shown that individual-specific networks more
accurately captured the functional organization of the
cortex, we next focused specifically on the language
networks, given their critical role in presurgical planning
for drug-resistant epilepsy. We hypothesized that
individual-specific language network topography would
be particularly informative for predicting language
dominance and tested whether the resting-state LI
was able to predict task-based language dominance.
Resting-state LI differed significantly across left (mean
LI=.165+.106), bilateral (mean LI=.056+.074),
and right (mean LI=.023+.055) task-based language
dominance (p=.002). Receiver operating curve analyses

showed area under the curve statistics of .82 for left, .72
for bilateral, and .83 for right language dominance versus
other participants (Figure 5 and Figure S6). Conversely,
individual-specific networks estimated wusing MS-
HBM trained on healthy participants were not able to
differentiate between task-based language dominance
(HCP MS-HBM: p=.150, Du MS-HBM: p=.303).

4 | DISCUSSION

In this study, we demonstrate that MS-HBM can reliably
estimate individual-specific networks in drug-resistant
epilepsy using only 6-24min of resting-state fMRI data,
despite altered structural and functional connectivity.
Moreover, NIH MS-HBM captured the organization of
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FIGURE 5

Individual-specific language network topography predicts task-based language dominance. (A) Boxplots of language

laterality index for participants with left (L), bilateral (B), or right (R) language dominance derived from task functional magnetic resonance
imaging, comparing individual-specific networks estimated from Human Connectome Project (HCP) multisession hierarchical Bayesian
model (MS-HBM), Du MS-HBM, or National Institutes of Health (NIH) MS-HBM. (B) Receiver operating characteristic (ROC) curves and
area under the curve (AUC) statistics for predicting language dominance using individual-specific networks estimated by NIH MS-HBM.

an individuals' cerebral cortex better than group-average
networks and generalized to an external dataset of drug-
resistant epilepsy despite site, scanner, and preprocessing
differences. Finally, we showed that individual-specific
language network topography predicts task-based lan-
guage dominance well in individual patients with drug-
resistant epilepsy.

Existing evidence indicates that focal epilepsy is asso-
ciated with reduced network integration and increased
segregation, changes that may underlie the cognitive
and behavioral comorbidities commonly observed in
epilepsy.’®*” Although approaches such as coordinate-
based network mapping have successfully delineated
an idiopathic generalized epilepsy network," they are
limited in their ability to characterize epilepsy-related
reorganization of intrinsic resting-state networks at the
individual level. As a result, cortical network organiza-
tion in drug-resistant epilepsy, particularly alterations to
canonical resting-state networks, remains incompletely
characterized.*® Consistent with these limitations, prior
resting-state fMRI approaches were unable to reliably
estimate individual-specific cortical organization of
the language networks and predict task-based language
dominance in drug-resistant epilepsy.*** This gap likely
reflects both the limited availability of high-quality
resting-state fMRI data in clinical populations and the
substantial heterogeneity of pathology in drug-resistant
epilepsy.*

By leveraging MS-HBM, we begin to reveal the func-
tional organization of focal drug-resistant epilepsy, with
a particular focus on language networks. Although corti-
cal networks in drug-resistant epilepsy broadly resemble
canonical resting-state networks observed in healthy par-
ticipants, their spatial topography is more focal,***' and

individual-level variations emerge that are not typically
seen in healthy brains. These differences cannot be ex-
plained by motion and likely arise from both group-level
differences in functional connectivity and increased inter-
individual variability in drug-resistant epilepsy. Notably,
inferior frontal language regions in some participants
exhibit stronger connectivity with areas typically associ-
ated with the default mode network in healthy individu-
als, potentially reflecting the long-term effects of chronic
epileptogenic activity on functional connectivity.**** By
capturing these interindividual variations in language
network topography, MS-HBM enables reliable prediction
of task-based language dominance. In this context, preci-
sion functional mapping provides a powerful approach to
elucidate how chronic epileptogenic activity reorganizes
resting-state cortical networks and influences cognitive
function.* Importantly, we found that model performance
plateaued at approximately 20-25 training participants,
indicating that high-quality individual-specific networks
can be achieved without requiring large training datasets.
This is particularly encouraging for clinical populations
where acquiring large-scale resting-state fMRI datasets
may be challenging.

Future studies should validate the resting-state later-
ality index derived from MS-HBM against gold-standard
measures, such as the intracarotid amobarbital test* or
cortical electrical stimulation.*> Although this study fo-
cused on language networks and their role in predict-
ing language dominance, these results more broadly
demonstrate that MS-HBM can reliably estimate
individual-specific networks in patients with neurologi-
cal disorders, even with limited resting-state fMRI data.
This approach could be extended to predict other cog-
nitive comorbidities****™* and postoperative functional
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outcomes®* in patients with drug-resistant epilepsy.

Together, these findings suggest that MS-HBM may be
applied to other clinical populations and neurological
pathologies, offering a practical, noninvasive tool for
presurgical evaluation and potentially guiding individ-
ualized clinical decision-making.”

Several limitations of our study should be acknowl-
edged. The esfmri dataset provided a unique opportunity
to validate individual-specific networks using evoked
activity during concurrent intracranial electrical stimu-
lation.?” However, this dataset did not collect true postop-
erative resting-state fMRI, and we concatenated blocks of
fMRI data when no stimulation was applied to simulate
resting-state scans.*> Comparisons of functional connec-
tivity within the same participants across pre- and post-
operative data revealed differences that may reflect (1)
the effects of neurosurgery, (2) signal distortion due to
implanted electrodes, or (3) scanner-related differences.
Despite these factors, NIH MS-HBM consistently pro-
duced high-quality individual-specific networks across
both pre- and postoperative data in the esfmri dataset.
Finally, we studied participants with temporal lobe and
extratemporal lobe epilepsy undergoing presurgical eval-
uation, and future studies are required to validate these
networks in other types of drug-resistant epilepsy (e.g.,
idiopathic generalized epilepsy).

5 | CONCLUSIONS

In summary, we present a method for estimating reliable,
high-quality, individual-specific cortical networks in
drug-resistant epilepsy and show that individual-specific
language network topography predicts task-based
language dominance. Our model is publicly available
(https://github.com/ThomasYeoLab/CBIG/tree/master/
stable_projects/brain_parcellation/Lim2026_MSHBM _
epilepsy), which may be used to estimate individual-
specific cortical networks and predict language dominance
in a new individual with drug-resistant epilepsy given
at least 6min of single-session resting-state fMRI data.
In addition, a group-average parcellation derived from
the combined NIH and esfmri drug-resistant epilepsy
cohorts is made available as a resource for future studies
(Figure S7).
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