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This important study presents a new approach to individualised functional brain
mapping using multi-task batteries, and introduces a toolbox to support its
implementation. Convincing evidence from simulations and empirical analyses across
multiple datasets demonstrates clear advantages over traditional single-task approaches
and provides practical guidance on task selection. The extent to which these
improvements translate into more accurate recovery of individual-specific functional
boundaries beyond well-characterised systems remains to be established.
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Abstract

Functional brain mapping is an important tool to understand the organization of the human brain,
both at the group level, but also to an increasing degree at the level of the individual. There are
currently two main approaches to do so. Resting-state fMRI relies on inter-regional correlations of
random fluctuations of the signal. In contrast, task-based localizers typically use a single-contrast
between a task of interest and a matched control task to identify the location of a functional region
in an individual brain. In this paper, we propose and evaluate a third approach: the use of multi-
task batteries for both localization of a single functional region and parcellation of multiple
functional regions. We show that multi-task localizers produce more consistent estimation of a
single functional region across subjects than the single-contrast approach using the same amount
of fMRI data. Furthermore, we demonstrate that the multi-task approach is sensitive to true inter-
individual differences in region size, and does not suffer the same influence of signal-to-noise ratio
that biases the single-contrast localizer. We then address the question of how to select tasks for the
battery, and present a data-driven strategy that optimizes the characterization of a brain structure
of interest. We show that such batteries outperform randomly selected batteries both for building
individual parcellations as well as individual connectivity models. Finally, we demonstrate that an
interspersed design - where all tasks are presented in each imaging run - yields more reliable
results than splitting the tasks across different runs. We present an open source toolbox for the
implementation of multi-task batteries, along with a library containing group-averaged activity
patterns that can be used to optimize battery selection for different brain structures of interest.

1 Introduction

Functional magnetic resonance imaging (fMRI) is an important non-invasive tool to understand
the organization of the human brain. A number of influential group-level atlases have been
developed (Yeo et al., 2011 ; Glasser et al., 2016 2 ; Gordon et al., 2016 3 ; Schaefer et al., 2018(%),
which have greatly advanced our understanding of the brain’s broad organization. However, such
group-based maps ignore the substantial inter-individual variability in the finer aspects of this
organization (Mueller et al., 2013 &; Laumann et al., 20157 ; Gordon et al., 20177 ; Gratton et al.,
2018 (%; Braga and Buckner, 2017 (). This limitation has sparked a growing interest in the field for
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individualized brain mapping, which aims to characterize functional brain regions in single
subjects. Such precision mapping is important when studying specific functional regions, but also
for clinical applications, such as surgical planning and identifying individualized treatments.

One common approach to individualized brain mapping is resting-state fMRI (rsfMRI), where
subjects lie in the scanner while spontaneous blood-oxygen-level-dependent (BOLD) signal
fluctuations are recorded. Based on the correlations of these fluctuations, one can group different
brain locations into functional networks. This approach can also be used to characterize brain
organization at the level of the individual (Gordon et al., 2017 2 ; Wang et al., 20152 ; Kong et al.,
20197, 2021 (&; Xue et al., 2021 3). rsfMRI is popular due to its ease of implementation and
applicability across a broad range of healthy and clinical populations. One key limitation of this
method, however, is that the inter-regional correlations do not only reflect neural interactions but
also non-neural noise sources such as head motion, respiration, heart rate and scanning artifacts
(Buckner et al., 2013 @; Reid et al., 20192 ; Chen et al., 2025 @ ; Biswal and Uddin, 2025 %), which
can bias the results.

A second approach is to use task-based fMRI, in which the BOLD signal is measured while
participants perform one or more tasks. Alternating between tasks in a randomized design allows
experimenters greater control over measurement noise. Traditionally, task-based fMRI for brain
mapping has been applied using a single-contrast approach. Here, a single functional region of
interest (ROI) is identified by comparing an experimental and a control task to target a specific
function of interest (Kanwisher et al., 1997 % ; Dodell-Feder et al., 2011 & ; Scott et al., 2017 ). For
example, to isolate the language network, reading sentences is contrasted with reading non-words
(Fedorenko et al., 2010 @). This approach, however, can only serve to identify a single brain
region, and does not offer the same comprehensive parcellation of individual brains that can be
derived from rsfMRI.

As an alternative to these two approaches, we propose to use a wide battery of tasks to localize
functional regions in individual brains (Barch et al., 2013 ; Pinho et al., 2018 2; King et al.,
2019). In this multi-task approach, a battery with a diverse set of tasks is designed to sample a
broad range of brain functions. In a companion paper (Nettekoven et al., 2026 @), we demonstrate
that brain parcellations derived from such multi-task data outperform brain parcellations derived
from resting-state data in predicting the brain activity patterns of novel tasks, even when the two
approaches use an equivalent amount of data from the same participants. This result can be
demonstrated to generalize across a range of brain structures, model types and datasets.
Importantly, we also show that the result depends strongly on the exact choice of tasks, if the
battery only consists of a few tasks. With an increasing number and diversity of tasks, however,
the functional parcellation becomes increasingly independent of the specific tasks chosen and can
be used to find a general task-invariant parcellation of the brain.

In this paper, we will further evaluate the power of the multi-task approach and address a number
of important decisions when designing a multi-task battery. In the first part of the paper we show
that a multi-task battery approach has distinct advantages over the single-contrast localizer, even
if we only want to identify a single functional ROI. Specifically, we show that the multi-task
approach allows for a better estimation of individual region sizes, which can be an important
metric for describing inter-individual differences.

In the second part of the paper, we will then address the question of how many and which tasks
should ideally be selected for a multi-task battery. While this decision will often be guided by
specific functional and practical considerations, we propose a complementary, data-driven
approach. Using a library of candidate tasks, and their associated brain activity maps, we can ask
which strategy of task selection would lead to an optimal characterization of a specific brain
structure. This approach is especially useful if the scanning time and the number of tasks for each
individual are restricted for practical reasons. We evaluate different ways of choosing a task
battery in the context of two practical applications of brain mapping: Subdividing a brain
structure comprehensively into a set of functionally distinct regions (brain parcellation;
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Nettekoven et al., 20247 ; Zhi et al., 2025 @), and identifying the connections between two
different brain structures (connectivity models; King et al., 2023 ; Cole et al., 2016 2 ; Reid et al.,
20193).

In the final part of the paper, we then consider different experimental design choices of how the
chosen tasks should be implemented during an fMRI scanning session. We compare a design in
which similar tasks are grouped into separate runs (Barch et al., 2013 ), to one in which all tasks
are randomly interspersed within every imaging run (King et al., 2019 %). We also consider order
and carry-over effects, both of which have consequences for the exact design choices.

To make multi-task batteries easy to build and run, we are presenting a Python-based toolbox that
implements more than 20 tasks and that allows for the flexible and fast assembly of new batteries.
The toolbox is accompanied by a library of group-averaged activity patterns, enabling data-driven
optimal battery selection for any brain structure of interest.

2 Methods
2.1 Datasets: Language Task Battery

To compare the traditional functional localization approach to multi-task functional localization,
we designed a multi-task battery that focused on language-related tasks. The dataset included 16
tasks (including rest), some of which contained multiple conditions, yielding a total of 18 task
conditions (see supplementary table S22 for task descriptions). Within the task battery, we
included traditional language localizer tasks: sentence reading, non-word reading, intact passage
listening and degraded passage listening (Fedorenko et al., 20102 ; Scott et al., 2017 2). We
collected data for 17 participants (9 female, 8 male, mean age = 22.5, SD = 3.1) across 8 imaging
runs. In each imaging run, each task was performed once in random order. Each task started with
a 5s instruction period, in which the name of the task and the response assignment to the buttons
was shown on the screen. This was followed by 30 seconds of performing the task. The hand used
for responses was alternated across runs, with the exception of the finger-sequence task, which
required responses from both hands in all runs. The index and middle fingers of both hands were
placed on the button pressing box throughout the whole experiment.

Each participant underwent a behavioral training session 1-7 days before their fMRI scanning
session. Each training session started with verbally familiarizing the participants with the
requirements of each task. This was followed by a training period where participants trained each
task that required explicit responses (finger sequence, n-back, demand grid and oddball)
separately. After the training period, each participant performed 3 training runs with all tasks,
each equivalent to an imaging run. Mean accuracy across participants averaged across the 3
training runs was 91.14% (+1.22% SEM). Mean accuracy during the scanning session was 85.64%
(+1.21% SEM). This training program ensured that participants were familiar with the
requirements for each task and had experience in performing them before the fMRI scanning
session. For both the training session and the scanning session, participants were provided trial-
specific feedback (green fixation cross for correct and red fixation cross for incorrect) for tasks
where feedback can be given (see supplementary table S2(% for task feedback). At the end of each
run, participants were presented with a scoreboard that showed their overall accuracy and
reaction time for tasks that require a button press response.

fMRI data were collected on a 7T Siemens scanner at the Center for Functional and Metabolic
Mapping at Western University. For the anatomical image, we acquired a high-resolution
magnetization prepared rapid acquisition gradient echo (MP2RAGE) scan with an isotropic voxel
size of 0.7mm. For functional images, we used echo-planar imaging with a multi-band factor 2 and
in-plane acceleration of 3. Whole brain data were acquired covering both the neocortex and the
cerebellum. Imaging parameters were: TR = 1.1s, TE = 20 ms, slices = 56, voxel size = 2.3mm
isotropic. Each run had a length of 523 TRs (575s). For four subjects, scanning parameters were
slightly different (TR = 1.3, volumes = 443, slices = 64).
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2.2 Datasets: The Multi-Domain Task Battery (MDTB)

To evaluate different task selection strategies, we used the Multi-Domain Task Battery (MDTB)
dataset (King et al., 2019 3). The dataset included two task sets (A and B). Task Set A included 17
tasks (29 task conditions) and task set B included 17 tasks (32 task conditions). 14 task conditions
were shared between the two sets. Twenty-four participants (16 female, 8 male, mean age = 23.8,
SD = 2.6) were scanned during 4 sessions, two sessions for each task set. Each session consisted of 8
10min runs. Within each run, the 17 tasks were presented in random order, starting with a 5-
second instruction period and 30 seconds of performing the task. Images were acquired on a
Siemens 3T MRI scanner with a voxel resolution of 2.5 x 2.5 x 3.0 mm? and a TR of 1s (see King et
al. (2019) @ for a detailed description of the dataset and tasks).

2.3 Datasets: The Human Connectome Project (HCP)

To compare different experimental designs, we also used the task-based fMRI data from the
Human Connectome Project (HCP) (Barch et al., 20137 ). We used the minimally preprocessed 3T
task-fMRI data from the HCP 1200 subjects release (2017), selecting 50 of the 100 unrelated-
subjects group (25 female, 25 male, mean age estimated based on age ranges = 29.7, SD = 3.7). This
dataset included two imaging runs for each of seven task sessions (working memory, gambling,
motor, language, social, relational and emotion). For details, see Barch et al. (2013) .

2.4 fMRI processing and estimation of activity profiles

For the Language and Multi-domain task battery datasets, data were preprocessed using SPM12
and custom MATLAB code separately for each dataset. Functional data were realigned for head
motion. The mean functional image was then co-registered to the anatomical image and this
transformation was applied to all functional volumes. No smoothing or group normalization was
applied at this stage. A general linear model (GLM) was fitted to the time series of each voxel for
each imaging run. The 5 second instruction periods were modeled using a single regressor per
run. Each task was then modeled using a boxcar function of 30s or multiple regressors if a block
contained multiple task conditions. The 30s rest block was explicitly modeled as a task. Each
regressor was then convolved with the standard hemodynamic response function.

For the HCP dataset we used the minimally preprocessed version of the data (Glasser et al.,

the FEAT design files provided with the HCP 1200 subjects data 2017 release. No spatial smoothing
or normalization was applied at this point.

For group analysis, the data were brought into SUIT space (for the cerebellum) and into fs32k
space (for the neocortex). For SUIT normalization, the cerebellum and brainstem were isolated
from the remainder of the brain and then normalized to the cerebellum-only SUIT template
(Diedrichsen, 2006 @). For fs32k, the individual neocortical surfaces were reconstructed using
freesurfer (Fischl, 2012 (%), and aligned to the spherical surface template based on sulcus depth
and curvature information (Glasser et al., 2013 @). Beta weights from the first-level GLM were
univariately pre-whitened by dividing each voxel’s estimate by the square root of the residual
mean-square image. We used these pre-whitened betas as measures of task activation for all
analyses in this paper. For all three datasets, task activation was expressed relative to the resting
baseline in the same run. We then averaged the activity values across all available runs to obtain
one activation value per task. Each voxel’s activation profile was then a vector containing the
activation values for all unique tasks.

We also analyzed the activity profiles at the parcel level, using the parcels from two group atlases:
the Glasser neocortical atlas (Glasser et al., 2016 @), which contains 180 parcels per hemisphere,
and the NettekovenSym-32 cerebellar atlas (Nettekoven et al., 2024 @), which contains 16 parcels
per hemisphere. Voxel-wise activity profiles were then averaged within each parcel across voxels.
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2.5 Functional signal to noise ratio

To simulate functional data with realistic characteristics, we defined the functional signal-to-noise-
ratio (fSNR) of individual activity estimates (per imaging run based on 30s of task data) as follows:
We modeled the estimated activity value for each task condition i, voxel p, and imaging run j, as
composed of a true activity value (the signal, u; )) and run-specific measurement noise (g, ;):

Yipj = Wip + Eipj »

The true activity patterns have a variance of o2across tasks and voxels, whereas the noise has
a variance of o2across runs. We then define the fSNR of individual activity estimates as

fSNR = )

mqw | rnqto

On real data, the size of these two variances can be estimated from the average variances and
covariances between activity patterns. The average covariance of the estimates of the same
tasks across two different runs serves as an estimator of the signal variance. The average
variance of the activity patterns across all runs, tasks and voxels is the sum of the signal and
noise variances. The noise variance can therefore be estimated by subtracting the signal
variance from this quantity.

We estimated the fSNR for each subject in the MDTB dataset by extracting the estimated
neocortical activity patterns for each task, run and vertex in fs32k space. For the language dataset
we extracted the activity patterns for each task, run, and voxel in the cerebellum in SUIT space.
We then used the covariance matrix of activity estimates across runs to estimate the signal and
noise variances and then calculated the fSNR for each individual.

To capture the typical distribution of fSNRs, a gamma distribution was fitted to the estimated fSNR
values. For the MDTB dataset, the best-fitting distribution had the parameters a = 6.77, and =
0.0027.

2.6 Simulations: general methods

To simulate the data we would acquire for each hypothetical task set or functional localizer under
realistic measurement conditions, we assumed that we had 8 min of individual scan time. We then
allocated an equal amount of time for each unique task. We assume that if we allocated 90s to a
task, we would have 3 repeated task phases of 30s and would average across these estimates. As
the measurement variance for the average reduces proportionally with the number of
independent samples, we can predict the effective fSNR for the average estimate based on ¢

FSNR(£) — fSNR(30 S)ﬁ ®)

For the parcellation and functional localization simulations, we generate data on a 30x30
pixel grid, with each voxel assigned to one of five functionally distinct regions. The region

assignment was encoded in the region xvoxel matrix U, with Uy ; = 1 if the ith voxel was

assigned to the k™ parcel.

Each region was then associated with a true functional profile across N tasks, v. Each of these
vectors had a squared norm of N. The functional profiles of the different regions were then
concatenated into the N xK matrix V. We then generated artificial activity data Y by adding
normally distributed noise (¢) across each task and voxel with mean 0 and a variance of 1/f SNR:

Y=VU+¢ @
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For connectivity simulations, we generated the source structure data only using a set of
simulated activity profiles for 5 hypothetical brain locations across tasks V. To generate the
target structure data Y, we randomly sampled a connectivity weights matrix W that relates
each of the 5 source structure regions to 100 target structure regions. Noise € was also
sampled from a normal distribution with a mean of 0 and variance set to 1/f SNR:

Y=VW+¢ 5)

2.7 Functional localization: Simulations

To compare single-contrast and multi-task approaches to functional localization under controlled
conditions, we simulated data across five regions (see 2.6 for details), with one region serving as
the target region to be localized. 1000 individual-specific parcellations U; were generated by
introducing random variation in the size of the target region through adding or removing
boundary pixels, yielding target region sizes uniformly distributed between 120 and 240 pixels
with an average size of 180 pixels.

We then randomly generated the functional profile V for these 5 regions across 5 tasks. The norm
of these functional profiles was v/, and they were orthogonal across the different regions. To
achieve this we generated a 5 x5 matrix of independent normal random variables and
orthogonalized it using QR decomposition.

We implemented 3 types of localizers: (1) a single-contrast localizer with a fixed absolute thresh-
old (“contrast-fixed”), (2) a single-contrast localizer with an adaptive percentile threshold
(“contrast-adaptive”), and (3) a multi-task localizer that assigns each pixel to the region with the
most similar multi-task response profile. For the single-contrast localizers, we chose the two tasks
that maximized the contrast between the target region and the average of all the other regions. For
the multi-task localizer, we used all five tasks. To capture the inter-individual differences in fSNR,
we sampled the individual fSNR values from the fitted distribution to the estimated empirical fSNR
values of the MDTB dataset (see 2.5). Using these values, we then simulated activity patterns of 8
min length for each battery for each individual (see 2.6 for details).

Based on simulated data, we then estimated the target region for each individual subject. For the
multi-task localizer, each pixel was assigned to the parcel whose multi-task activation profile was
most similar to the pixel’s activation profile, as measured by cosine similarity between profiles.
For the single-contrast localizers, the target region was determined as all voxels exceeding a
specific threshold on the single-contrast. The threshold was calibrated such that the average
estimated target region size matched the average true region size across individuals. Localization
accuracy was quantified using the Dice coefficient (Dice, 1945 (2 ) between the true target region
and the estimated ROI for each individual.

2.8 Functional localization: empirical example

To compare single-contrast and multi-task localizers, we used the language task battery dataset.
For the single-contrast localizer, we computed the contrast between sentence reading and non-
word reading for each subject, using the unsmoothed activity estimates from all 8 runs (8 minutes
of imaging data, 4 minutes per task). We conducted a paired t-test for this contrast across runs,
yielding a single t-value map per individual. These maps were thresholded across a range of t-
values (0.1-2.8). At the upper limit of this range, fewer than 100 voxels remained active across
subjects.

To assess the relationship between ROI size and data quality, we computed subject-specific fSNR
values from the cerebellar data (see 2.5), excluding the sentence reading and non-word reading
tasks. For each threshold we quantified the number of cerebellar voxels exceeding the threshold
in each individual and correlated these values with the subject-specific fSNR estimates.
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For the direct comparison to a multi-task localizer, we used the same dataset to assemble a battery
consisting of five tasks: sentence reading, theory of mind, tongue movement, demand grid and
action observation (action) (see supplementary table S2& for task descriptions). These tasks were
chosen based on previous group functional atlases showing that they activate language regions
and adjacent areas (Nettekoven et al., 2024 @). The amount of scanning data included was
equivalent to 8 minutes of data (1.6 min per task).

We then parcellated the right cerebellar hemisphere of each individual into 5 regions, according to
their functional profiles. To define these regions we used the right hemisphere of the Nettekoven-
Sym32 group atlas (Nettekoven et al., 2024 (%) but combined the 16 fine-grained regions for the
right hemisphere into 5 coarser subregions, reflecting the major functional domains. We
combined all motor regions (M1-M4), all action-observation regions (A1-A3) and all demand
regions (D1-D4) into single motor, action and demand regions. We grouped sociolinguistic regions
S1 and S2 into a single language region, as both show higher activity for sentence reading relative
to non-word reading. The remaining sociolinguistic regions (S3-S5) defined the last and fifth
parcel.

Based on the 5 region coarse atlas we estimated the functional profiles for these regions (see 2.4).
Voxel and region activity profiles were mean centered and normalized across the five chosen
tasks. We used a leave-one-subject-out cross-validation procedure, where the functional profiles
were estimated using all subjects except one, and the voxels for that individual were then assigned
to the parcel whose activity profile showed the highest cosine similarity with the voxel’s own
activity profile.

2.9 Battery selection: Task library

In the second part of the paper, we tested different data-driven approaches to optimally design a
task battery by choosing tasks from a larger library. In general, we consider a library of L tasks,
each associated with an activity pattern measured across K brain regions, denoted V;. All of these
activity patterns are measured relative to a resting baseline.

For our simulations we generated a random library of 100 tasks that had random activation values
across 5 regions, drawn from an independent standard normal distribution. For the real data
examples, we used the measured activity pattern from 32 task conditions of task set B from the
MDTB dataset, extracted from the brain structure of interest (neocortex or cerebellum). All activity
patterns were expressed relative to the resting baseline.

To construct a task battery of B tasks, we simply select B- 1 rows of V;. One of the rows of the task
battery was always rest, and the activity values of this task were set to zero. In this way we
constructed batteries of size B ranging from 3 to 16 unique tasks.

2.10 Battery selection: selection strategies

We aimed to compare two different criteria of selecting tasks for a battery based on the task
activity patterns within the brain structure of interest. The first criterion Maximal contrast was
designed to maximize the functional contrasts between the selected tasks and the resting baseline.
Mathematically, we selected the task battery that maximized the variance of the functional
contrasts across regions and tasks:

Cmaxcontrast = trace (VBVE) 6)

The second criterion Minimal collinearity was designed to select tasks that activated the target
structure in maximally different ways. To achieve this, the variance of each activity pattern
against the mean of the other tasks needed to be large, and the covariances between these
activity patterns across regions needed to be low. Mathematically this can be achieved by first
subtracting the mean activity from each brain location (the column mean of Vp), resulting in

the centered battery matrixV . Note that the activity for rest vs. the mean of the other tasks
is included in'V p. If we used the columns of this matrix as independent variables in a
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multiple regression analysis (as we do in the connectivity analysis), we know that the
variance of the estimated parameter scales with the trace of the inverse gram matrix. To have
all criteria be maximal for the best battery, we use here the negative trace:

Chaincon = — trace ((VBVIB) 71) = — Z )\]_1 )

Where J; are the eigen-values of V5V . If V3V 5 was not invertible, we used only the non-

zero eigen-values of that matrix. As can be seen from Eq6CG’ 7&’ both criteria depend on

the task-by-task matrix VgVZL, in one case without subtracting the mean, in the other case
with subtracting the mean.

For real data, there are two ways of estimating this matrix: First, we can use the group-averaged
activity patterns for each brain structure as rows in Vz and compute V5V directly from that.
Second, if all the activity patterns in the Library are measured in the same set of individuals, we
can estimate the task-by-task matrix using the run-wise activity patterns from each individual
participant:

SZR(R—l ZZY“ 54 ®)

=1 j#i

where Y, ; is the measured activity in subject s in run i for the task (rows) and brain locations

of interest (columns). This estimate differs from the simpler group-activity estimate in two
ways: First, it captures differences between tasks that are only visible at the individual
subject level, but which are obscured at the group-level, because two functional regions can
be tightly interdigitated in a variable way across individuals (Braga and Buckner, 2017 &3 ; Xue

et al., 2021 @). Second, the estimate is cross-validated (by multiplying activity estimates from
different runs only), such that measurement noise does not inflate the sums-of-squares of
each individual contrast (the diagonal of G). While we used the second approach for greater
precision in this paper, we found that the two approaches yield very similar results (see
supplementary 7.1). This allows us to build a task-library by combining tasks that are

measured in separate groups of individuals.

Finding the best battery from a larger library of tasks, however, is computationally prohibitive, as
there are too many possible combinations for an exhaustive search. We therefore randomly built
10000 candidate batteries, and found the best battery among these according to each selection
strategy. These batteries were then compared to those obtained via a random selection strategy, in
which we sampled tasks without replacement at random without consideration of the activity
patterns. This allowed us to assess the benefit of data-driven selection strategies over a naive
baseline in downstream individual brain mapping applications.

2.11 Battery selection: Simulations

To assess how each battery selection strategy influenced the quality of subsequent analyses, we
conducted simulations estimating either a parcellation or a connectivity model from synthetic task
battery data Each 51mulat10n started by generating a random task- hbrary of 100 tasks (see section

criteria, or selected a task battery at random.

For the parcellation simulations, we generated synthetic data for each battery Y, on a 30 x30
voxel grid (see section 2.6 @), where each voxel was assigned to one of five regions. Here, we only
simulated a single individual. To estimate functional parcellations for each task battery we used
the known activity profiles V), to assign each voxel to the region that matched the measured

activity profile best (i.e. has the highest cosine similarity). Both V; and Y, were mean-centered
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and normalized. To evaluate parcellation accuracy, we computed the Dice overlap between the
estimated parcellation for the battery and the ground-truth parcellation, averaged across all 5
regions.

For the connectivity simulations, we used the true activity profile of the 5 regions as our source
structure, generated random connectivity weights and from that the measured activities in the
target structure (see section 2.6 %). From the generated data, we then estimated the connectivity
weights W, using ridge regression. Source structure regressors were standardized to unit variance
before fitting. We used a fixed regularization parameter a = 1. We evaluated the estimated
connectivity model by calculating the Pearson correlation between the vectorized estimated
connectivity weights Wand the ground-truth connectivity weights W. This correlation reflects how
well the task battery enables recovery of the true connectivity weights between a source and a

target structure.

2.12 Battery selection: empirical application

To validate our battery selection simulations with real fMRI data, we applied the same framework
to the MDTB dataset. As task set B contains a larger number of unique task conditions (32), we
used it as the task library from which to construct candidate batteries. To control for the amount
of total scan time, all batteries were constructed using 8 min of imaging data. This resulted in an

artificial dataset for each task battery and subject for the brain structure of interest (Y(g)). Based

on these data, we then estimated the individual parcellations and connectivity models. We
evaluated the quality of the estimated models by determining how well they could predict the
activity pattern on task set A, which contained 14 shared and 15 unique task conditions.

In the parcellation analysis, we obtained individual parcellations within either the neocortex or
the cerebellum. We first calculated the average functional profiles Vg within each region using
either the Glasser atlas for neocortical parcellations or the NettekovenSym-32 atlas for cerebellar
parcellations (see section 2.4 (%) from all individuals, except the one we were parcellating. Based
on the individual task battery dataYg), we then computed the cosine similarity between each
voxel /vertex and the functional profile of each parcel in V. We assigned each voxel/vertex to the
parcel most similar in functional profile. The columns of Vz and Yg)were mean-centered and

normalized before estimating parcellations.

We evaluated the quality of each individual parcellation by determining how well we could
predict independent test data from the same individual Ygf ). To derive predictions, we used the
individual parcellation obtained from task set B, combined with the functional profile of each of
the regions for task set A, estimated on all other subjects using a leave-one-subject-out procedure.
The functlonal profiles were estimated from the group parcellation (Glasser or NettekovenSym-32,
7). The predicted activity profile for each voxel /vertex was then simply the
functiona profile of the region that brain location was assigned to in the individual parcellation.
As an evaluation criterion, we computed the cosine similarity between the true and predicted test
data for each subject and voxel and then averaged across voxels within each subject.

In the connectivity analysis, we estimated a directed connectivity model between the neocortex
and the cerebellum (King et al., 2023 (%) using each task battery. We then evaluated how well the
connectivity model was able to predict task activity patterns in the cerebellum based on
neocortical activity patterns on a different set of tasks (task set A). For estimating the connectivity
model, the neocortical data of each individual s were summarized using a regular parcellation
into a total of 1002 icosahedral regions, yielding a data matrix VS). The cerebellar data were

extracted in SUIT space, yielding a data matrix Ygs). We estimated subject-specific connectivity
weights, W ®) using ridge regression with a fixed regularization parameter a = €8, chosen based
on prior work (King et al., 2023 ).

To evaluate the quality of the models, we used the estimated connectivity weights for each subject

A\ (s)together with the neocortical activity patterns from task set A (ng ))to predict cerebellar

activity patterns for the same tasks (f(;f )). Model performance was measured as the cosine
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similarity between predicted and observed activity patterns. Cosine similarity was computed for
each voxel and averaged across voxels within each subject.

2.13 Experimental design: Estimating variance caused by baseline
estimation

As a typical example of a multi-task dataset with grouped design, we used the HCP task dataset
(Barch et al., 2013 @). In this dataset, we determined how much run-to-run variability in activity
estimates for each task is caused by the estimation of baseline. For this, we used the activity
pattern of all tasks from the two available imaging runs for each session. All activity values were
relative to the implicit baseline (rest). For each participant and session, we extracted the
unsmoothed neocortical activity patterns in fs32k space, and computed the covariance matrix of
these estimates across all vertices. The expected covariance between the activity pattern measured
for the it task in run 1 (v;1) and in run 2 (y;) is determined only by the variance (strength) of the
true signal pattern for that task.

cov (Yi1,Yi2) = 07 (€))

The expected covariance between the activity patterns between two different tasks (i and j)
across runs is determined by the similarity of the true signal patterns.

cov (Yi1,Yjz2) = Yij (10)

Within each run, the expected covariance between two tasks is again determined by the
similarity of the two tasks. However, because the two tasks are estimated relative to the same
baseline, the expected covariance is increased by the variability of that baseline estimate(o?):

cov (Yi1,¥j1) = vij + Uz (11)

Finally, the within-run variance of each activity estimate is determined by the variance of the
true signal pattern for task i, the baseline variance, and the variance of the noise unique to
that run and task(o?):

cov (yi1,Yi1) = 07 + 0y + 07 (12)

The covariances were computed from the estimated activity patterns across all vertices and
then averaged across tasks. From the four different types of covariances, we used Eq.
9@-12 to estimate the underlying variances for each participant and session.

2.14 Experimental design: Grouped vs. interspersed

Based on these estimates, we then compared two experimental designs for a multi-task dataset. In
the grouped design, each imaging run contains a subset of tasks, typically from the same domain.
By using different runs for different subsets of tasks, all tasks are covered. In the interspersed
design, all tasks are repeated within each imaging run. Both designs also contain periods of rest
within each run.

We then conducted simulations to compare the standard deviation of the contrast estimates of the
two designs. Both designs had four unique tasks and rest, presented across two functional runs of
300s each. The difference between the two designs lies in whether tasks are grouped into separate
runs or all tasks are included in each run.

Design matrices were created for each design while systematically varying the proportion of time
points allocated to rest within each run. Each design matrix X contained a column for each task
and imaging run plus an intercept regressor for each run. Assuming independent and identically
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distributed measurement noise across fMRI images with varianceail, the variance-covariance

matrix of the resultant beta-estimates (Worsley and Friston, 1995 (%) is given by:

A

Var(f) = (X'X) o2, (13)

We evaluated the standard deviation of three types of contrasts: (i) the contrast between two
tasks, conducted within each imaging run (for the interspersed design, the contrast was
averaged across the two imaging runs); (ii) the contrast between two tasks, conducted across
two imaging runs (for the grouped design only); and (iii) the contrast between each task and
the implicit resting baseline. Each contrast is a linear combination of activity estimates and
can therefore be expressed using a contrast vector c. The variance of each contrast can
therefore be calculated as:

Var (cT,§> =cT Var(,é)c (14)

The standard deviation for each type of contrast was then calculated as the square root of the
variance of each type of contrast.

To address the potential drawback of the interspersed design requiring an additional instruction
period for each task, we conducted an additional simulation that allocated 5s of scan time to the
instruction period for each 30s task block in the interspersed design (See S3). The grouped design
remained unchanged.

2.15 Experimental design: Temporal autocorrelation

To estimate the influence of low-frequency fMRI fluctuations on the activity estimates in multi-
task designs, we used Task Set A from the MDTB dataset, which consisted of 16 runs of 10 min
length, each containing the same 17 tasks in different orders. We first expressed the activity
patterns relative to the resting baseline (one of the 17 tasks) and then subtracted the mean pattern
for each task (averaged across runs), thereby obtaining estimates of the run-wise residuals. These
residuals were then sorted by the order in which they were presented in each run. We then
calculated the covariance between all pairs of residuals, starting from pairs that immediately
followed each other (task position difference = 1) up to residuals that were maximally separated
(task position difference = 16). As the task signal is subtracted out (Eq. 9%, 10(%), the covariance
between tasks within-run is driven only by the variability of the common baseline estimate across
runs.

2.16 Experimental design: Estimating variance caused by task
carry-over

In interspersed multi-task designs, a potential concern is that the estimated activity for a given
task might include residual activation from the preceding task. To estimate the magnitude of this
carry-over effect, we used session A of the MDTB dataset. We used the covariance of the activity
estimates for each task across runs to estimate the variance (strength) of the true signal pattern for
that task (Eq. 9C2). This analysis was performed using the neocortical data in fs32k space. Because
the order of tasks was randomized across runs (rather than counterbalanced for sequential
effects), 5.2 % of these task activity pairs had the same preceding task. The difference between the
covariance between task estimates with the same previous task and the covariance between task
estimates with different previous tasks can therefore be taken as an estimate of the variance

induced by a systematic carry-over effect.

We first conducted the analysis within each individual, thereby identifying carry-over effects that
occurred in that individual. To determine what part of these carry-over effects were systematic
across individuals, we then repeated the analysis, this time calculating the covariances for pairs of
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activity patterns from different individuals, and then averaging over all possible pairs of
individuals. This allowed us to quantify the true signal variance of the carry-over effects in
relation to the true signal variance of the task effect for both the group and within individuals.

3 Results

3.1 Single-contrast vs. multi-task localizers: Simulation

The traditional approach to functional localization is to use a contrast between a task that contains
the function of interest (Fig. 1a(4, Task a) and a control task (Task b) (Kanwisher et al., 1997(®).
For example, to isolate the language network, reading sentences is contrasted with reading non-
words (Fedorenko et al., 2010 ). To decide which voxels are considered part of the region of
interest, the researcher needs to define an activity threshold, and all the voxels exceeding this

threshold are assigned to the target region (Fig. 1a(®).

One option for choosing this threshold is to use a fixed statistical value. This approach, however,
has the problem that the estimated size of the selected region will depend on the functional signal-
to-noise ratio (fSNR, see 2.5) - for subjects with higher fSNRs, more voxels will meet the statistical
threshold and the selected region will therefore be larger. In real datasets, fSNR varies by a factor
of 3-4 across different subjects (Fig. 2a(2), leading to substantial differences in the size of the
selected region. To remedy this situation, researchers often use an adaptive threshold, for example
selecting a specific percentage of the highest activated voxels in each individual. This ensures that
the size of the selected region will be the same across individuals (relative to the overall size of the
brain structure). Of course, this approach will be insensitive to true inter-individual differences in

the size of the functional region.

To address these issues, multi-task localizers characterize each voxel according to its response to
multiple tasks, with resting baseline phases treated as an independent task condition. The
response profile (with the mean across tasks removed) then determines the location of each voxel
value for all tasks (including rest), i.e. it would show no response. The distance from the origin
indicates the strength of the response, and the direction of the vector characterizes the response
profile across tasks. In this framework, each region can be characterized by a typical response
profile (arrows). Instead of thresholding, each voxel is assigned to the single parcel with the most
similar response profile (i.e. the one with the smallest angle). This has the advantage that the voxel
assignment is not sensitive to the fSNR, which only influences the distance of the voxel from the
origin, but not its direction.

To illustrate the difference between the two approaches, we simulated functional data across
many individuals for a hypothetical brain structure, in which we aim to identify a target region
surrounded by four other functional regions. While the general spatial layout was simulated to be
similar across individuals, the size of the target region varied by a factor of two. Each region was
also associated with a typical response profile across 5 hypothetical tasks. We then simulated
functional data using fSNRs sampled from a realistic distribution (Fig. 2a(@, see 2.7).

We then tested the three approaches to functional localization. For the single-contrast localizer we
used either a fixed statistical threshold (contrast-fixed), or an adaptive threshold defined by a
specific percentage of pixels in each individual (contrast-adaptive). For the single-contrast
localizers, the two tasks were selected to maximize the contrast between the target region and the
average response of all the other regions. The threshold used for both single-contrast types was
calibrated such that, on average, the estimated ROI size matched the true size of the target region
across individuals (~180 pixels). For the multi-task localizer all 5 tasks were used. The length of
the simulated fMRI data was the same for the single-contrast and multi-task localizers - i.e. for the
latter we used less data per task than for the former. For the contrast-fixed localizer, we found that
the estimated ROI size varied systematically with fSNR (Fig. 2b(2). Individuals with higher fSNR
values showed larger estimated ROIs, reflected in a positive correlation between fSNR and
estimated ROI size (r = 0.41). In contrast, for the multi-task localizer, ROI size was independent of
fSNR (r = 0.004), indicating its robustness to different fSNRs across individuals. For the contrast-
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Figure 1. Single-contrast vs multi-task functional localization

(a) Single-contrast localizer. The activity of each voxel (dot) is characterized along a single dimension which compares its
activity for Task a relative to a control task (Task b). All voxels exceeding a certain activity threshold (gray line) are selected as
the desired ROL (b) Multi-task localizer. The activity of each voxel is characterized by its response to multiple tasks relative to
the mean across all tasks. Voxels located at the origin of the coordinate system respond equally to Task a, b and c. Different
regions are defined by their response profile across all tasks (red, green and blue arrows). Voxels are assigned to the region
with the most similar profile, independent of the length of their activity profile (distance from origin).
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Figure 2. Simulated comparison of localization methods

(a) Distribution of subject-specific fSNRs estimated from the MDTB dataset. The line indicates the best-fitting gamma
distribution. (b) Estimated ROI size as a function of fSNR for the three localizers. Each dot represents one simulated subject.
Regression lines are shown for each of the localizers. (c) Estimated ROI size as a function of true ROI size for the three
localizers. Each dot represents one simulated subject. Regression lines are shown for each of the localizers. (d) Average
localization accuracy across localizer methods. Accuracy measured as the Dice coefficient between the estimated ROI and
true region across simulated individuals. Error bars indicate across-subjects standard deviation of the differences between
localizer methods.
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adaptive localizer, the estimated ROI size did not depend on fSNR since it was a fixed number of
pixels across all individuals. Consequently, this approach overestimated small regions and
underestimated large regions, making it insensitive to true inter-individual differences in region

3.2 Single-contrast vs. multi-task localizers: Empirical example

To extend our findings from simulation to real data, we used the example of functional

region. First, we replicated their results using our language multi-task battery dataset, which
included the sentence reading and non-word reading tasks. To quantify the relationship between
estimated ROI size and fSNR, we first computed the sentence > non-words contrast based on 8 min
of data for each subject (see 2.8). We then used a range of t-value thresholds to assign voxels of the
right cerebellar hemisphere to the language region based on this contrast. We also estimated the
cerebellar fSNRs for each subject, using all data and tasks, except the two tasks used in the
localizer (see 2.5). Consistent with our simulations, the average correlation between fSNR and ROI
size was r = 0.59, p = 0.01, averaged across all tested thresholds (see 2.8 for details). This result
confirmed that individuals with better data quality had larger estimated language ROIs.

For the multi-task localizer, we selected five tasks from the language multi-task battery dataset:
sentence reading, theory of mind, tongue movement, demand grid and action observation (action).
We used activity estimates for these tasks to match the overall length of the single-contrast
localizer (8 minutes per subject). The tasks were selected because they have been previously

hemisphere either to the language ROI or four other competing ROIs (see 2.8). Unlike the single-
contrast localizer, the correlation between fSNR and the size of the multi-task language ROI was
not significant (r = - 0.34, p = 0.19), indicating that region size estimates from the multi-task
approach are not biased by data quality.

To compare the different localizers directly, we calibrated the thresholds for the single-contrast
localizer so that the average estimated ROI size matched the average estimated ROI size for the
multi-task localizer. This yielded a fixed t-threshold of 1.47, and an adaptive threshold of the top
10.4% vozxels in each individual.

We then assessed how consistently the cerebellar language region was identified across
individuals, by calculating the percentage of individuals in which each voxel was assigned to the
language ROLI. All three localizers defined ROIs that included the medial part of Crus I and II.
However, the overlap between individuals was stronger for the multi-task (Fig. 3b) than for the

Dice coefficient was significantly higher for the multi-task localizer (average Dice = 0.26+0.01) than
for the contrast-fixed (average Dice = 0.12 £0.01, t;5 = 13.83, p = 2.57e-10) and contrast-adaptive
localizer (average Dice = 0.12 +0.003, t; = 15.45, p = 4.92e-11). Thus, for comparable region size
and amount of individual imaging data, the multi-task localizer led to a spatially more consistent
selection of the cerebellar language region in right medial crus I and II (denoted language III in
Casto et al. (2026) 2, and region S1R and S2R in Nettekoven et al. (2024) 3).

The largest difference between the two localizers was that the single-contrast localizers not only
selected voxels in medial Crus I and II, but also selected voxels in lobule VI, VIIb and VIIIa. These
regions are also activated by the language-specific contrast, but were also strongly engaged during
working memory and executive function tasks, and are therefore considered part of the multi-
demand network (Nettekoven et al., 2024 3).
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Figure 3. Empirical validation in cerebellar language localization

(a) Percentage of individuals in which each cerebellar voxel was assigned to the language ROI using the contrast-fixed
localizer. (b) Percentage of individuals in which each cerebellar voxel was assigned to the language ROI using a multi-task
localizer. (c) Average inter-subject Dice coefficient for each localizer. Error bars indicate standard error of the mean across
subjects. (d) Selectivity and specificity of single-contrast and multi-task language localizers in the cerebellum. Mean activation
across individuals for a target and a control contrast inside and outside the defined language ROI (constrained to the right
cerebellar hemisphere). Error bars indicate standard error of the mean across subjects.
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To understand the functional differences between the selected ROIs, we looked at the mean
activation for two types of contrasts that were not included in either the single-contrast or multi-
task localizer. First, we compared the activity for listening to intact passages vs. degraded
passages. Like the single-contrast localizer, this represents a language-comprehension contrast
(Casto et al., 2026 2). A good language ROI should therefore also reveal a positive contrast. Indeed,
we found that voxels inside of the putative language ROI showed the expected higher activity for
intact passages compared to degraded passages, independent of the localizer method. The contrast
did not show any difference between the multi-task and contrast-fixed localizers, t;q = -0.95, p =

We then asked how specifically the selected ROI was activated by language functions. Because
neighboring areas were also activated by working memory tasks, we selected the activity of the n-
back task vs. rest as our control contrast. On this task, the multi-task localizer showed substantially
lower activity when compared to the single-contrast localizers for the control contrast inside the
putative language ROI (purple solid bars) t,5 = -4.87, p = 1.71e-4 for multi-task vs contrast-fixed
and tg = -4.66, p = 2.63e-4 for multi-task vs contrast-adaptive.

Thus, the single-contrast localizer selected voxels that showed high activity on the language-
specific contrast, but also often show high activity for working memory tasks. The multi-task
localizer excluded those voxels due to the inclusion of a working memory task (Demand grid) in
the battery and the competitive approach to region assignment. This led to a spatially more
consistent and functionally more specific ROI definition. While both approaches can be further
improved by taking into account spatial information (see discussion), based on functional data
alone, the multi-task localizer led to functionally more consistent ROI definition. Additionally, it
also addressed the problem of the threshold and fSNR dependency of the single-contrast localizer.

3.3 Optimal battery selection: Simulation

While multi-task batteries can be advantageous even when localizing a single functional ROI, their
main strength becomes apparent when one wants to parcellate a brain structure into multiple
functional ROIs or model connectivity between two brain structures. In our companion paper, we
show that the multi-task approach consistently outperforms the use of an equivalent amount of
resting-state data for such applications (Nettekoven et al., 2026 %),

When designing a multi-task battery for a specific application, however, the researcher must
address two critical questions: how many tasks should be included, and which specific tasks
should be chosen? In many cases, these questions will be constrained by practical considerations.
Some tasks cannot be included, because they are not feasible for the study population. Other tasks
have to be included to allow comparisons to external datasets. However, in many cases the
researcher will have some flexibility in battery design. Here we propose the idea that, if we know
the average activity patterns elicited by each task in the brain structure of interest, we can use a
data-driven approach to assemble the optimal task battery to characterize that structure.

Imagine you had a large task library of 100 possible tasks, each of which had a known activity
profile across 5 functionally distinct regions. How would we best choose the set of tasks that would
optimally detect the boundaries between these regions in single subjects? To address this question,
we compared three different battery selection strategies to assemble hypothetical task batteries
containing anywhere between B = 3-16 different tasks.

As a baseline, we used a Random strategy, simply selecting the B tasks without replacement at
random from the 100 tasks. For the Maximal Contrast method, we picked the combination of tasks
that resulted in the largest activations relative to rest across tasks, averaged across all regions.
However, to distinguish functional regions, we do not only want to maximize the overall
activation, we also want to minimize the similarities across regions. One way to achieve this is to
think about the response profile for each region as a regressor in a linear model, and then to
details). We then tested the different selection strategies in two application scenarios: Parcellation
and connectivity modeling.
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For parcellation, we asked how well we could functionally parcellate the brain structure of
interest into functional regions using data acquired with this task battery. For each task battery,
we generated noisy fMRI data (assuming 8 min of scan time) for a hypothetical brain structure
containing the 5 functional regions. Using many simulated datasets and the known activity profile
for each region, we then estimated a parcellation for each battery and compared it to the ground
truth parcellation using the Dice overlap.

First, we found that data-driven battery selection strategy clearly outperformed random battery
selection (Fig. 4a ). Second, as the number of unique tasks increased, the quality of the estimated
parcellation improved, but this relationship plateaued after about 8 tasks. Third, the criterion that
maximized the differences between the tasks (Minimal Collinearity) slightly outperformed the
criterion that maximized contrasts between task and rest (Maximal Contrast). Finally, it appeared
that the difference between the data-driven selection strategies converged with an increasing

number of tasks.

We then replicated these results for a connectivity model. Here, the goal was to estimate the
directed, effective connectivity weights from a source structure to a target structure. In this type of
model we want to account for the influence of the different source regions onto a single target
region, such that we can predict the activity of the target region from the activity of a source
region (Cole et al., 2016 Z; Reid et al., 2019%). Here, we evaluated performance by correlating the
recovered connectivity weights using a specific battery with the ground-truth connectivity
weights.

The results follow a similar pattern as in the parcellation simulations. Data-driven battery
selection strategies outperformed random battery selection, and Minimal Collinearity
outperformed Maximal Contrast (Fig. 4b@). Performance improved with an increasing number of

tasks but started to plateau at around 8 tasks.

3.4 Optimal battery selection: Empirical examples

To test whether the advantages seen in the simulations hold under real conditions, we applied the
same battery selection framework to the MDTB dataset. We used task set B of the MDTB to
construct different task batteries of 8 min length each, and used these data to estimate individual
parcellations and individual connectivity models. We then evaluated these on task set A.
Importantly, both the estimation of these brain mapping models and the evaluation was done
within each individual.

For parcellation, we attempted to subdivide the neocortex of each individual into functionally
distinct regions. We used the 360 parcels of the Glasser atlas (Glasser et al., 2016 () to define
neocortical functional profiles (see section 2.12 (2 ). We then estimated functional parcellations for
each individual using only the data for the selected task battery, and evaluated how well this
parcellation could predict the data on a different task set for the same subject. Performance was
measured as the average cosine similarity of the true and predicted test data across vertices and

subjects.

As in our simulations, parcellations based on data-driven battery selection strategies generally
outper-formed random selection after averaging performance across battery sizes (ty3 = 10.54, p =
2.78e-10 for Maximal Contrast vs Random, t,3 = 13.86, p = 1.18e-12 for Minimal Collinearity vs
Random) (Fig. 4c ). Second, maximizing the differences between the regions (Minimal
Collinearity) outperformed Maximal Contrast (t,3 = 9.36, p = 2.62e-9). Finally, performance reached
its peak at around 5-7 tasks - after that adding more unique tasks slightly reduced performance.
We replicated these results when parcellating only parts of the neocortex (e.g., prefrontal cortex)

or subcortical structures such as the cerebellum (Supplementary fig. S22).

For connectivity modeling, we built a directed connectivity model from 1002 neocortical regions to
each voxel of the cerebellum (King et al., 2023 2 ). We estimated ridge regression connectivity
models for each individual using the candidate task batteries based on task set B. The resulting
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Figure 4. Optimal battery selection strategies across battery sizes.

(a) Parcellation simulations. Dice overlap between estimated and true parcellations. Shaded area indicates standard
deviation across 100 simulations with different task libraries. (b) Connectivity modeling simulations. Correlation between true
connectivity weights and estimated connectivity weights. Shaded area indicates standard deviation across 100 simulations

with different task libraries. (c) Parcellation of the neocortex in fMRL Cosine similarity between true test data and predicted
test data, averaged across subjects. Shaded area indicates standard error across subjects (N=24) of the differences between
selection strategies in the MDTB dataset. (d) Neocortex-cerebellum connectivity modeling in fMRI. Cosine similarity between

true cerebellar test data and predicted cerebellar test data, averaged across subjects. Shaded area indicates standard error

across subjects of the differences between selection strategies in the MDTB dataset.
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connectivity models were used to predict the cerebellar data in task set A, using only the
neocortical data acquired on the same tasks (see section 2.12(2). Performance was measured as

the cosine similarity between the true and predicted cerebellar test data.

Again, data-driven battery selection outperformed random selection after averaging performance
scenario, using task batteries that maximized the functional contrast, however, only marginally
outperformed random battery selection, t53 = 2.08, p = 0.05. Maximizing the differences between
regions (Minimal Collinearity) outperformed Maximal Contrast after averaging across battery sizes
(ty3 = 6.94, p = 4.47e-7). In contrast to the parcellations, for which performance peaked at 5-7 tasks,
connectivity models continued to improve performance as the number of unique tasks increased.

The advantage of data-driven selection strategies over random selection was greatest in the 4-8
task range for both parcellations and connectivity models (Fig. 4c-d (@). To test whether the data-
driven selection advantage was battery-size dependent, we compared Minimal Collinearity to
Random selection using a two-way repeated measures ANOVA with selection type and battery size
as the interaction factors. We found a strong selection type x battery size interaction effect for

parcellations (Fy3 999 = 53.20, p < 0.001) and for connectivity modeling (F;3 299 = 24.81, p < 0.001).

In summary, we found that the best data-driven strategy for battery selection is to maximize the
size of the contrasts between tasks and the mean activity, while at the same time minimizing the
similarities between the different regions within the brain structure. Of course, the optimal set of
tasks will depend both on the available tasks in the task library, and on the part of the brain that
we wish to characterize. With the release of the multi-task toolbox, we also publish a large task
library with 56 task conditions. As an example, we applied our minimal collinearity approach to
build batteries of different sizes for the sensori-motor areas, the prefrontal cortex, and the
cerebellum (see 2.9 and supplementary table S1®).

3.5 Optimal design of Multi-task battery experiments: Grouped vs.
interspersed designs

Once a task battery is chosen, the next question is how to best design an fMRI experiment to
measure activity for these tasks. One approach is to group similar tasks into specific runs or
sessions, as was done in the HCP (Barch et al., 2013 @) and IBC dataset (Pinho et al., 2018 ). This
design has the advantage that participants can concentrate on groups of similar tasks (for example
motor localizers) within each imaging run. It has, however, the drawback that most task-to-task
comparisons have to be made between, rather than within, imaging runs. As we will show here,
such an approach can be statistically suboptimal.

The alternative design is therefore to randomly intersperse all tasks, with each task condition
appearing once within each imaging run (King et al., 2019 ). While this design demands from the
participant a constant switching between tasks, which can be somewhat demanding, we will show
that it has much better statistical characteristics for task-to-task comparison.

The advantage of the interspersed fMRI design stems from the fact that we cannot measure fMRI
activity signal in absolute terms, but only as a change relative to a baseline state, usually phases of
rest. When we want to estimate task-related activation, we have to contend with two sources of
measurement noise: The variability due to the measurement of the task itself (o2), and the
variability involved in measuring the baseline activity (ag). As the baseline is usually common to
all tasks tested within a single run, measurement noise on the baseline also introduces a positive
covariance between all tasks measured in a single run. This positive covariance can be clearly
seen in different sessions of the HCP task dataset (Fig. 5a(2). By using the different elements of the
covariance matrix, we can quantify the importance of the measurement noise of the task and the
measurement noise of the baseline (see 2.13). Across the different sessions of the HCP task dataset,
the baseline measurement accounted for between 22.1% (Working Memory) and 86.7% (Language)
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Figure 5. Experimental design of multi-task batteries.

(a) Average covariance of neocortical activity patterns across two imaging runs for the working memory and the language
sessions of the HCP task dataset. (b) Proportion of the estimated baseline noise variance (o?)relative to the total estimated
noise variance(o? + o2)across the different sessions of the HCP task dataset. Error bars indicate SEM across participants. (c)
In a grouped design, only some task-task contrasts can be made within-run (dashed lines), while most contrasts have to be
made between runs (dotted line). In an interspersed design, all contrasts can be made within-run. (d) Predicted standard
deviation of task-rest, and task-task contrasts for grouped (blue) and interspersed (orange) designs as a function of the
proportion of each imaging run dedicated to rest. Lower panel shows the proportion of noise variance that is due to
estimation of resting baseline. For the vertical line, the length of rest is equivalent to each single task condition.
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How does the baseline variance influence the variability of our contrasts of interest? To obtain an
analytical insight, we simulated a scenario with 2 imaging runs and 4 tasks. In the grouped design
design, both runs included all the tasks. The total length of each run was kept constant across the
two designs. We also varied the proportion of time that was spent on measuring the resting
baseline. We adjusted the simulation parameters, such that the baseline measurement noise
accounted for, depending on the amount of rest, 17.6% 81.8% of the variance of the activity
estimates, thereby covering the range spanned by different HCP task sessions (Fig. 5d @).

the same variability in both designs. As resting baseline is not important here, the lowest
variability would be achieved in a design that does not include rest at all. In contrast, the between-
run task-task contrasts in the grouped design (dotted line) rely on the common baseline
measurement across the two runs. As it is impacted by the measurement noise on the baseline for
both run 1 and 2, its variance is more than twice as high as compared to the within-run contrast.
In the interspersed design all contrasts can be performed within-run, making the high-variance
between-run comparisons unnecessary.

Maybe surprisingly, the interspersed design also results in less variable estimates for the (within-
run) contrasts between task and rest (solid line). This is due to the fact that in the grouped design,
the contrast can only be calculated against the resting baseline of one run, while the interspersed
design can leverage the resting baseline in both runs.

Finally, we show that the advantage of the interspersed design remains when we take into account
the time lost by switching between tasks within runs (Supplementary fig. S3@).

3.6 Temporal autocorrelation in interspersed designs

In the above analysis, we used the average covariance across tasks for imaging runs with a length
of 2:16-5:01 min to estimate the variance induced by the measurement of a common baseline.
However, larger task batteries require longer imaging runs. For example, King et al. (2019) & used
17 tasks per task set, necessitating imaging runs of 10 min length. This length allows for 35s for
each task block, a good design choice given the low-pass filtering properties of the hemodynamic
response Friston et al. (1999) 3. However, long imaging runs have the problem that low-frequency
drift in the fMRI signal (Lund et al., 2006 (%) will add to the variability of contrasts between tasks
that are temporally very far separated within a run.

To analyze this problem, we used the MDTB dataset to estimate the covariance of the
measurement noise between different tasks within the same run, depending on how far apart they
were temporally spaced (see 2.15). The higher this covariance is, the larger will be the benefit of
using a within-run vs. a between-run contrast. As can be seen from Fig. 6a(Z, the measurement
covariance was highest for tasks that were immediately neighboring, and then fell off to reach an
asymptote for a separation of approximately 7 tasks (4 min). Nonetheless, the measurement
covariance even for large temporal separations did not reach zero, reflecting the fact that all tasks

within each run are still measured with respect to the same common baseline (rest).

This analysis showed that the advantage of interspersed designs over grouped designs will
diminish somewhat when imaging runs exceed 4 min of length. However, even in this case, a
substantial part of the measurement variability will be due to the measurement of the common
baseline. Thus, the maximal length of the imaging run, and hence the maximal size of a task
battery, can mostly be determined by practical considerations.

3.7 Task carry-over in interspersed designs

Another concern when combining many different tasks into a single run is carry-over effects, i.e.
that the estimate of task activity for a task may change systematically depending on which task
came before it. To measure the size of such effects, we again used the MDTB dataset, in which 17
tasks were scanned in 16 runs in different order. We calculated covariance between the measured
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Figure 6. Temporal autocorrelation and task carry-over effects in interspersed designs.

(a) Mean covariance of task-evoked activity patterns in the MDTB dataset as a function of the difference in task positions (lag)
within each imaging run. Error bars indicate standard error of the mean across subjects. (b) Mean covariance of the task-
evoked activity patterns when a task is preceded by a different task vs the same task, shown for both across subjects (group)
and within subject (individual) estimates. Error bars indicate standard error of the mean across subjects.
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activity patterns for the same task across different runs, depending on whether it was preceded by
highlighting any subject-specific carry-over effect, and also between different individuals,
highlighting carry-over effects that are systematic across the entire group. We found that the
estimated covariance between neocortical task estimates was significantly larger when the tasks
were preceded by the same than different tasks (ty3 = 7.97, p = 4.57e-8 for group and ty3=3.37,p =
0.003 for individual), indicating the presence of significant order or carry-over effects. However,
compared to the systematic variance in the data explained by the tasks, the amount of variance
explained by the previous task was only 4.9+ 0.5% for group and 5.0 +1.5% for individual.

Some of these effects, however, could be due to the fact that the first task of each run had
especially high or low activity. We therefore repeated the analysis, this time removing the first task
in each run. In the group analysis the estimated covariance again was smaller when the task was
preceded by a different task (t,3 = 3.33, p = 0.003), but this difference was not significant anymore
within individuals (t53 = 1.48, p = 0.15). The amount of variance explained by the previous task
compared to the total systematic variance was 2.0+ 0.6% at the group level.

Thus, these results indicate that there are small, but reliable carry-over effects between tasks in a
run. About half of this carry-over effect can be attributed to the first task in the imaging run.
Because full counter-balancing of the sequence across many tasks is not practical, we recommend
randomizing the order of tasks across subjects. Overall, however, the carry-over effects are small
relative to the systematic task-related variance, such that even subjects acquired with different
task sequences can be confidently compared.

4 Discussion

In this paper, we advocate the use of multi-task batteries for individual brain mapping. Our
companion paper showed that multi-task fMRI outperforms resting-state fMRI in estimating
parcellations or connectivity models that can predict new brain states in the same individuals
(Nettekoven et al., 2026 (7). Here, we compare the multi-task approach against the commonly
adopted single-contrast functional localizer (Kanwisher et al., 1997 (%; Fedorenko et al., 2010 ;
Dodell-Feder et al., 2011 & ; Scott et al., 2017 ). We show that, even when localizing a single
region, multi-task localizers produce functional ROIs that are spatially more consistent across
individuals. Multi-task batteries have the additional advantage of being threshold independent,
and can localize multiple functional regions at the same time. To help the design of good task
batteries, we derive, develop and validate data-driven strategies for task selection. Finally, we
address important experimental design questions for implementing multi-task batteries.

Multi-task vs. single-contrast localizers

One core advantage of the multi-task over the single-contrast localizer approach is that it identifies
functional regions by detecting the likely boundaries to neighboring regions. This is essential if
one wishes to compare the size of functional regions across individuals. For example, it has been
shown that the size of early visual regions can differ more than threefold across individuals
(Benson et al., 2022 (?). When using single-contrast localizers the estimated size of the region is
highly dependent on the statistical threshold: When using the same threshold for each individual,
individuals with higher functional fSNR will have more voxels assigned to a functional region,
leading to a bias in the estimated region size. When using an adaptive threshold, one can enforce
the same region size across individuals, but this approach is insensitive to true size differences.
The multi-task approach is able to identify regions with different sizes, as it assigns voxels based
on the direction of the response profile rather than the magnitude, thereby competitively choosing
between the target region and neighboring regions, and hence detecting the most likely position of
the functional boundary.

Another difference between the two localizer approaches lies in the nature of the regions they
identify. Single-contrast localizers highlight the full network of areas that are engaged by a given
cognitive function. In the example used in this paper -identifying the language regions in the
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human cerebellum-this leads to the identification of 4 spatially separate areas that are also
functionally heterogeneous (Casto et al., 2026 @). Three of these areas show strong activity for
executive function tasks, with only one (LangCereb3 in Crus I/II/lobule VIIb) being selectively
activated by language material. In contrast, the multi-task approach identifies this functionally
homogeneous parcel based on the response profile of these voxels, and by contrasting it with other
regions that show high activity during executive function tasks. Thus, if the goal is to identify the
complete network of regions activated by a function, single-contrast localizers remain
appropriate; but if the goal is to isolate a specific, functionally coherent region, multi-task batteries
are preferable.

Both the single-contrast and the multi-task approach can be improved by combining individual
subject data with group-level spatial information. In the single-contrast approach, Fedorenko and
colleagues used a Group-Constrained Subject-Specific (GSS) approach (Fedorenko et al., 2010(7;
Julian et al., 2012 (%), in which the average group contrast map is used to define spatially
segregated regions. This hard group parcellation is then used to subdivide individual localizer
maps, thereby constraining individual ROIs to be fully enclosed in a specific spatial region. The
multi-task approach has been combined with a hierarchical Bayesian framework that uses a
probabilistic group parcellation as a spatial prior that is then combined with the individual data
(the conditional) to compute an integrated estimate (Zhi et al., 2025(%). Both approaches bias the
individual parcellations towards the group map and will therefore improve the spatial overlap of
the selected ROI across individuals. However, the probabilistic approach will still work when there
is no clear and hard spatial separation between two functional regions, for example when
dissociating two components of the default-mode network (Braga and Buckner, 2017 %), which are
highly overlapping on the group level. The Bayesian approach (Zhi et al., 2025 &) explicitly
quantifies the uncertainty of the anatomical information, and can optimally integrate functional
and anatomical information.

Design considerations

The remainder of our results provides new insights into the optimal design of multi-task batteries.
Assuming that the overall scan time per subject is limited, we show that including more tasks
generally leads to parcellation and connectivity models that generalize better to other sets of tasks
(see also Nettekoven et al., 2026 3). However, the specific choice of tasks also matters: Optimally,
each task in the battery activates the target structure in a unique way. We show that a
mathematical criterion that minimizes the collinearity (Minimal Collinearity) provides a selection
criterion that improves the ability of both parcellations and connectivity models to predict novel
activity patterns in novel sets of tasks. This directly enables the construction of optimal multi-task
batteries using a data driven, empirical approach. Of course, in many cases the exact choice of
tasks is dictated by theoretical or practical considerations.

For example, in most cases researchers will want to include both rest (as a standard fMRI baseline)
and one or more tasks of interest. However, even in such cases, there is usually some flexibility in
choosing the remaining tasks to complete the battery. Here a data-driven criterion can help
compare different possible designs, thereby helping to pick the best companion tasks for the
battery of interest.

Our results also show that it is optimal to intersperse all tasks within a single run (King et al.,

computed directly within each run, rather than between runs. There are of course some
drawbacks with the interspersed design: First, it is slightly more demanding for participants, as it
requires continuous switching between cognitively distinct tasks. This can lead to increased
fatigue and may not be suitable for all populations. Second, each task transition requires an
instruction period to remind the participants of the upcoming tasks, which slightly reduces the
total time available for measuring the activity during task performance. Third, interspersed
designs require the researchers to commit to a full task battery before data collection begins,
preventing a cumulative approach where researchers can decide to add additional tasks in later
sessions without having to run all previous tasks (Pinho et al., 2018 2).
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Despite these practical drawbacks, we believe that the interspersed design of multi-task battery
localizers offers such a powerful statistical advantage that it is worth the extra effort in design and
participant instruction.

Implementation and open software tools

To ease the implementation of this approach, we are releasing the open-source python toolbox
Multi- TaskBattery (Arafat et al., 2026 (2). Built upon PsychoPy Peirce (2007) ; Peirce et al.
(2019) 2, the toolbox implements optimal battery selection, stimulus presentation, response
collection, recording of behavioral and eye-tracking data, scanner synchronization, and
instructions. With 20+ tasks currently implemented, the toolbox allows for the flexible and fast
assembly of new batteries. With an object-oriented design, the toolbox can be easily extended with

new tasks and response devices.

The multi-task battery approach can be especially powerful when multiple datasets spanning
various functional domains can be integrated. To ease such analysis, we established a data
management framework, entitled FunctionalFusion, that utilizes BIDS-derivative standards to
bring different multi-task battery or deep phenotyping datasets into a common analysis
framework. Currently, we have 10 multi-task datasets, including the Multi-domain task battery
King et al. (2019) &3, the individual brain charting project Pinho et al. (2018) 2, the Human
Connectome task dataset Barch et al. (2013) &, and the 103 task dataset Nakai and Nishimoto
(2020) 2, processed in the framework. The python package enables the quick extraction of
functional contrasts and time series in any desired group atlas space. Using this toolbox, our group
has already published a paper that integrates results from 111 individuals and 417 different task
conditions into a functional atlas of the human cerebellum (Nettekoven et al., 2024 (2).

Best practices when designing multi-task batteries

In summary, our results suggest the following best practices for designing and analyzing multi-
task fMRI batteries:

e If the goal of the study is to identify connectivity models or derive a comprehensive functional
parcellation of an individual, multi-task designs are preferable to resting-state fMRI
(Nettekoven et al., 2026 @).

e If the goal of the study is to identify a single homogeneous functional region, multi-task
designs are preferable to traditional functional localizers, especially if the size of the individual
functional regions is a variable of interest.

e Task batteries with a larger number of tasks tend to generalize better to new sets of tasks.
Based on our results, a battery size of 7 or more tasks already allows for stable generalization
performance.

* When selecting tasks, we recommend choosing tasks that activate the structure of interest in

as many different ways as possible. Using a library of tasks and associated activation patterns,

we recommend using a data driven criterion (Minimal Collinearity) to optimize battery
selection.

Including rest as a task is not necessary but possible depending on experimental needs. Here,

we rely on the contrast between tasks, so rest can just be treated as another task.

For practical reasons we recommend the inclusion of anchor tasks in the multi-task battery (for

example rest) that allow the comparison to other datasets. After choosing those tasks, the

remaining tasks can be optimized using a data-driven approach.

¢ As much as possible, we recommend using interspersed designs where all tasks are performed
within each run. This optimizes the contrast between all task pairs and removes the impact of
baseline measurement noise.

e The sequence of tasks should be randomized across runs to avoid introducing carry-over

effects between tasks. Overall, however, these effects are small relative to the task-specific

signal (2-5 % of task variance).

Because the interspersing of tasks within a run can be cognitively demanding, we recommend

familiarizing the subjects before the scanning session with all the tasks that require a
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response, and to conclude with at least 2 training runs, in which all tasks are presented in a
random sequence.

Practical applications

Multi-task fMRI batteries offer a scalable approach to characterizing brain function across
multiple functional domains within a single scanning session. While not exhaustive, we highlight
two ways in which this framework may prove particularly useful: (1) Presurgical functional
mapping (2) Brain-behavior modeling.

Although fMRI presurgical mapping has traditionally relied on rsfMRI due to its ease of acquisition
and minimal cognitive demand on the patient, current advances in task-based mapping make it
increasingly practical and certainly more informative than rsfMRI for presurgical planning. The
framework introduced in this paper allows seamless task selection and paradigm design
depending on the specific brain structure of interest. This means that a surgeon can define the
structure (or part of a structure) of interest and get a set of tasks tailored to their specific problem.
An additional consideration for presurgical mapping is the amount of time the patient needs to be
in the MRI scanner in order to acquire data that is reliable enough. Recent work showed that
combining even a limited amount of individual data (10 minutes) with a probabilistic group
parcellation using Bayesian approaches produces robust individualized maps (Zhi et al., 2025 ;

Nettekoven et al., 2024 (2). These advances lower the barrier for adoption of multi-task batteries in
the clinical setting.

A second application area where multi-task batteries have strong potential is modeling brain-
behavior relationships. Traditionally, studies of brain-behavior relationships have been limited by
sample size and amount of scanning time used per participant, making it difficult to detect reliable
brain-behavior associations. Recent work has highlighted that many of the findings in the
literature are based on statistically underpowered paradigms, usually with a small sample size
(Varoquaux, 2018 (4 ; Marek et al., 2022 @). The multi-task framework addresses this by
encouraging the use of task batteries that in many cases share tasks across studies and datasets. As
more research groups adopt this approach and share the resulting task contrasts in a common
analysis framework, it becomes feasible to aggregate datasets at scale. The inclusion of a number
of standardized “anchor” tasks across many of these datasets is particularly valuable, as it allows
researchers to assemble large diverse data structures covering many individuals across many task
conditions. This can ultimately enable well-powered studies of how brain activation patterns
relate to cognitive traits, psychiatric disorders and clinical outcomes.

Limitations and future directions

In this paper, we proposed a comprehensive framework for studying the individual organization
of the brain using multi-task fMRI. Here, we validated this framework using data collected on
healthy young adults. Although the general framework is broadly applicable, the extension of our
approach to clinical populations is just now beginning. Some of the tasks included in the library
are currently only well suited to healthy young adults, but may be too cognitively demanding for
children, older adults or clinical populations. To implement the framework for clinical studies,
many of the tasks included in the task library can be adjusted parametrically, allowing researchers
to carefully adjust the difficulty level of each task based on the behavioral performance of the
population of interest.

Finally, even though we have implemented a range of tasks, the current library still only covers a
small proportion of the tasks and activities humans perform in everyday life. Continued expansion
of this library through collaboration and data sharing will be necessary to enable data-driven
strategies to decide on truly representative batteries and to more comprehensively address the
problem of task-dependency of the mapping results.
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Supplementary materials

Group vs individual covariance matrices

To derive battery selection metrics, we estimate a task-by-task covariance matrix from the fMRI
activity patterns. In the main analyses in this paper, we estimated the covariance matrix using an
individual-level cross-validated approach: for each individual in the MDTB dataset, we computed
the covariance matrix by multiplying the activity patterns from different runs only, and then
averaged the resulting matrices across individuals.

This approach differs from a simpler group-averaged approach in two ways. First, it captures
individual differences between the tasks that may only be visible at the individual subject level,
but are obscured at the group level because functionally distinct regions can be spatially tightly
interdigitated (Braga and Buckner, 2017 & ; Xue et al., 2021 (%). Second, cross-validation ensures
that the measurement noise does not inflate the diagonal elements of the covariance matrix,
providing more accurate task contrast estimates.

In practice, however, combining tasks from two different datasets requires using group-averaged
activity patterns from each dataset, since individuals differ across datasets, and within-subject
covariances cannot be computed across datasets. Here, we tested how much such a group-based
estimate of the covariance matrix differs from the more precise individual-level cross-validated
covariance matrix.

Using neocortical data in fs32k space from the MDTB dataset session B, we compared the two
approaches. First, we calculated the cross-validated covariance matrix of each individual and

highly correlated (r = 0.99, p < 0.001), indicating that the group-based covariance matrix captures
the covariance structure present at the individual level. This allows researchers to build libraries
of task activity patterns measured in separate groups of individuals without requiring access to
individual data or run-wise data.

Open task library

To facilitate the adoption of multi-task batteries, we provide a publicly available library containing
group-averaged activity patterns for 56 task conditions estimated from a total of 41 individuals
(available at https.//doi.org/10.5281/zenodo.18793343 (3). This library combines tasks from two
datasets used in this paper: the Language Task Battery and the Multi-Domain Task Battery (MDTB).

Combining group-averaged activity patterns across datasets with different individuals requires ad-
dressing two main points. First, all datasets must share a common baseline. Here, all activity
patterns were expressed relative to the resting baseline before merging. Second, differences in
signal scaling can arise from differences in scanning parameters and pre-processing pipelines. We
address this by requiring each dataset to share at least one “anchor” task with another dataset.
Starting with a root dataset (here, MDTB) as the initial library, each new dataset is calibrated by
computing a scaling factor that minimizes the squared difference between all the shared
conditions in the new dataset and their equivalents in the current library. This factor is applied to
all activity patterns of the new dataset before merging. Shared conditions are then combined using
a weighted average based on the number of individuals in each dataset contributing to the final
activity estimate, while unique conditions are added directly. This procedure will allow us to
extend the library with new datasets, as long as rest is included as a baseline and they include at
least one anchor task that is common with the existing library.

The library of task activity patterns is shared following the Human Connectome Project
conventions. Neocortical activity patterns are provided as vertices in fs32k space and subcortical
structures - including cerebellum, hippocampus, amygdala, thalamus, brainstem and basal ganglia
- are provided as voxels in MNI152NLin6Asym space at 2mm resolution.
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Figure S1. Group vs. individual task-by-task covariance matrices.

Neuroscience

(a) Covariance matrix using an individual-level cross-validated approach. (b) Covariance matrix using group-averaged data
without cross-validation. This library can be directly used in the MultiTaskBattery toolbox to select optimal task batteries for a
brain structure of interest. Researchers can specify the target brain structure and the number of tasks, and the toolbox will
apply the Minimal Collinearity criterion described in this paper to recommend tasks suitable for brain mapping studies.

a

GPRO

Prediction
Predictviol
PredictScram
VerbGen
WordRead
SpatialNavigation
SpatialMapEasy
SpatialMapMed
SpatialMedDitt
NatureMovie
RomanceMovie
LandscapeMovie
Fingersimple
FingerSeq
MentalRolEasy
MentalRotMed
MentalRotDiff
ObjectoBack
Object2Back
BodyMotionintact
BodyMotionScram
RespAliEasy
RespAltMed
RespAIDift
VisualSearchSmall
VisualSearchMed
VisualSearchlLarge

CPRO
Prediction
PredictViol

PredictScram

VerbGen
‘WordRead

SpatialNavigation

T T
> 5

b

CPRO
Prediction
Prediciviol
PredictScram
VerbGen
‘WordRead
SpatialNavigation
SpatialMapEasy
SpatialMapMed
SpatialMedDiff
NatureMovie

RomanceMovie
LandscapeMovie
FingerSimple
FingerSeq
MentalRotEasy
MentalRotMed
MentalRotDiff
ObjectoBack
Object2Back
BodyMotionintact
BodyMotionScram
RespAltEasy
RespAltMed
RespAItDift
VisualSearchSmall
VisualSearchMed
VisualSearchLarge
ToM

VideoAct
VideoKnots

rest
PESE3382858822882
cBesseeliiiiicit
3] S£a§§%g§§ﬁg
[ 235820 L §
‘§-w L] =

MentalRotMed

MentalRotDiff

Covarignce
(a.u.

2000

1750

1500

RespAHDIft
VisualSearchSmall
ToM

VideoAct

VideoK nots

rest

RespAltMed

Object2Back
BodyMotionintact
RespAltEasy

ObjectoBack
BodyMotionScram

VisualSearchMed
VisualSearchLarge

Supplementary table S1. Example optimal task batteries by region and battery size for an 8-minute fMRI

scan.

Battery size

Motor

PFC

Cerebellum

4 tasks

finger sequence, tongue
movement, action observa-
tion (action), rest

verb generation, romance
movie, mental rotation
(difficult), rest

finger sequence, tongue
movement, emotional face
(happy), rest

6 tasks

finger sequence, tongue
movement, action observa-
tion (action), go no go (go),
mental rotation (medium),
rest

verb generation, theory of
mind, 2-back pic, 2-back
verbal, biomotion normal,
rest

finger sequence, tongue
movement, theory of mind,
2-back verbal, emotional
face (sad), rest

8 tasks

finger sequence, tongue
movement, action observa-
tion (action), go no go (go),
motor imagery, emotional
face (happy), 2-back pic,
rest

verb generation, theory of
mind, 2-back pic, 2-back
verbal, affective (pleasant),
20 1no go (go), biomotion
normal, rest

verb generation, action ob-
servation, finger sequence,
tongue movement, 2-back
verb, mental rotation
(medium), emotional face
(happy), rest
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Figure S2. Optimal battery selection strategies for brain parcellations of different brain structures.

(a) Prefrontal cortex. Cosine similarity between predicted and measured test data, averaged across subjects. Shaded area
indicates standard error across subjects of the differences between selection strategies in the MDTB dataset. Regions are
defined using 44 parcels of the Glasser atlas (Glasser et al., 2016 ; Donahue et al., 20182 ). (b) Cerebellum. Regions defined
using the NettekovenSym32 atlas (Nettekoven et al., 2024 ().
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Figure S3. Grouped vs Interspersed designs after accounting for instruction periods.

Predicted standard deviation of task-rest, and task-task contrasts for grouped (blue) and interspersed (orange) designs as a
function of the proportion of each imaging run dedicated to rest. Lower panel shows the proportion of noise variance that is
due to estimation of resting baseline. For the vertical line, the length of rest is equivalent to each single task condition.
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Task Name Task Description Feedback

Rest Lie in the scanner looking at a fixation cross NA
Watch videos of knot tying (Cross et al., 2012). Conditions:

Action observation | (1) Action: Observe a knot being tied NA
(2) Knot: Passively view the knot in a 360-degree-rotating view
Silently read visually presented nouns. Conditions:

Verb Generation (1) Read: Passively read the noun NA
(2) Generate: Covertly generate an associated verb

Intact Passage Listen to audible sentences (Scott et al., 2017) NA

Degraded Passage Listen to muffled sentences (Scott et al., 2017) NA

Sentence Reading Read sentences word by word (Fedorenko et al., 2010) NA

Non-words Reading | Read non-words (Fedorenko et al., 2010) NA

Auditory Narrative Listen to a narrative (Moth Radio Hour) NA

Theory of Mind

Read 2-sentence stories about other people, answer short ques-
tions

Trial + task

Tongue Movement

Move tongue alternating from right to left at 1Hz (Saadon-
Grosman et al., 2022)

NA

Finger Sequence

Perform a randomly generated six-element finger sequence.

Trial + task

Romance Movie

Watch clips of the movie “Up”, without audio or subtitles

NA

N-back

Judge if the current stimulus is the same as the one presented 2
serial positions back

Trial + task

Oddball

Identify red ‘K’ from red or black ‘K’ or ‘O’ (Du et al., 2024)

Task

Demand Grid

Solve complex spatial grid (Fedorenko et al., 2013)

Trial + task

Spatial Navigation

Imagine navigating in a childhood home from one location to
another

NA

Supplementary table S2. Language task battery descriptions and feedback details.
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Data availability

The raw fMRI data of the Language task battery dataset has been deposited in the OpenNeuro
database under accession code ds007276 (DOI:10.18112/openneuro.ds007276.v1.1.0). The raw fMRI
data of the MDTB dataset is available under accession code ds002105
(DOI:10.18112/openneuro.ds002105.v1.1.0). For the HCP dataset, raw data is available at
https://www.humanconnectome.org/@. The pro-cessed fMRI activity patterns are available at
Zenodo for the Language task battery https://doi.org/10.5281/zenodo.19100385 2, MDTB
https://doi.org/10.5281/zenodo.16788784 %, and HCP https://doi.org/10.5281/zenodo.16903949 &2
datasets. The combined task library is available at Zenodo

https://doi.org/10.5281/zenodo.18793343 4. The open source software toolbox for designing and
running multi-task batteries (including stimulus presentation and response collection) is available
at https://github.com/DiedrichsenLab/MultiTaskBattery.git 2. The framework for managing and
integrating a range of multiple multi-task fMRI datasets is available at
https.//github.com/DiedrichsenLab/Functional Fusion . The specific analysis code for generating
the results and figures in this paper is available at
https://github.com/DiedrichsenLab/OptimalBattery.git 2.
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Reviewer #1 (Public review):

Summary:

In this well-written and well-presented manuscript, Arafat and colleagues describe the
proper use and advantages of multi-task batteries to understand the organization of the
human brain. The authors present both simulation and empirical results suggesting a
substantial advantage in using many short tasks vs a single localizer in identifying specific
task-engaged regions. The natural question arises as to which tasks should be used within the
battery, and how they should be organized. The authors address this question by
demonstrating a data-driven strategy for task selection that outperforms random selection,
and they further demonstrate the advantages of highly interspersed tasks over a more typical
one-task-per-run strategy.

Strengths:

In general, I find this work highly compelling. The topic itself should be of high interest to the
majority of researchers conducting human functional neuroimaging studies. The manuscript
itself is comprehensive and sound. The analyses and data are truly excellent, with only a few,
relatively minor issues that can be improved. The authors do an exceptional job of laying out
the motivation and logic for almost every analysis and conclusion in the manuscript.

I want to point specifically to the potential impact of this work. While the claims made here
are very appropriately constrained to the conclusions that can be drawn from the actual
analyses, their impact is potentially far-reaching. By the end of this manuscript, we are left
with a set of ideas that in effect overturns 2-3 decades of received knowledge about how
functional neuroimaging tasks should be designed to optimally understand the organization
of the human brain.

Thanks to this paper, I personally will be rethinking how I design all of my fMRI studies in the
future after reading this work. The authors are to be commended for this excellent
contribution to the literature.

Weaknesses:

I struggled to understand the motivation and logic of the "connectivity modeling" section of
the analyses.

https://doi.org/10.7554/eLife.111868.1.sa2

Reviewer #2 (Public review):

Summary:

This paper presents theoretical and empirical insights into the use of multi-task batteries for
precision functional brain mapping and offers practical guidelines for optimal task design.
Specifically, the authors evaluate differences between single-contrast and multi-task
localizers, explore data-driven strategies for battery selection, such as minimizing
collinearity, and compare grouped and interspersed stimulus-presentation designs. Through
a combination of simulations and analyses of empirical fMRI data, the study provides a
systematic set of recommendations for improving the reliability and specificity of
individualized functional mapping.

Strengths:
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Traditional functional mapping has long relied on single-contrast localizers or resting-state
fMRI. However, there is growing recognition that diverse batteries of general tasks can yield
more detailed functional maps with higher signal-to-noise ratios (SNRs). This manuscript
systematically evaluates these advantages using both simulations and empirical data. The
contribution is timely and provides the community with not only a theoretical justification
for multi-task designs but also practical tools, in the form of the MultiTaskBattery toolbox, for
implementing them.

Weaknesses:

Although the results are robust, they are largely consistent with existing expectations in the
field, and the conceptual novelty or "surprise" factor is therefore somewhat limited.
Nevertheless, synthesizing these findings into a coherent set of design recommendations
provides significant value to researchers.

Additionally, there appears to be a slight mismatch between the content of the manuscript
and its designated article type. Although the manuscript was submitted as a "Tools and
Resources" article, its extensive empirical analyses and theoretical evaluation make it read
more like a "Research Article." I defer this categorization to the Editor's judgment.

Finally, the authors use inter-subject overlap as a primary metric for validating the accuracy
of functional mapping (Figure 3). However, given that genuine inter-individual variability in
brain organization is a central premise of precision mapping, greater overlap across subjects
may not necessarily indicate more accurate individual-level localization. A more detailed
analysis or discussion of how to distinguish measurement noise from genuine individual
differences would make the paper more comprehensive and strengthen its overall
contribution.

https://doi.org/10.7554/eLife.111868.1.sa1

Reviewer #3 (Public review):
Summary:

This study introduces a principled framework for optimizing multi-task batteries for
individualized functional brain mapping. Through simulations and empirical validation, the
authors show that selecting tasks to maximize differences in regional response profiles can
substantially improve the identification of functional brain regions. The work represents a
valuable methodological advance for precision functional mapping, although some
assumptions underlying the broader applicability of the framework would benefit from
further discussion.

Strengths:

The manuscript addresses an important methodological challenge in precision functional
mapping using a rigorous combination of theoretical analyses, simulations, and empirical
validation. The framework is practical and well supported by open-source software and a
publicly available task library, making it readily accessible for adoption and further
development by the research community. The manuscript is well written, logically structured,
and clearly presents both the methodological framework and its practical implementation.

Weaknesses:

(1) The abstract and introduction emphasize the application of the framework to
individualized brain parcellation. While the presented analyses convincingly demonstrate
improved prediction of held-out task responses using atlas-guided parcel assignments, they
do not directly validate whether the optimized task batteries improve the estimation of an
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individual's true functional boundaries. The empirical validation relies on atlas-defined
parcel identities as the reference standard, yet substantial inter-individual variability in the
location and extent of functional regions - particularly within association cortex - has been
well documented. Consequently, improved recovery of atlas-defined parcel labels does not
necessarily imply more accurate recovery of an individual's functional organization. It would
therefore be valuable to clarify this distinction in the abstract and discussion and to discuss
how inter-individual variability may influence the interpretation and generalizability of the
parcellation analyses.

(2) The framework assumes that informative task batteries can be designed to distinguish
neighboring functional regions. While this is compelling for well-characterized systems with
distinct functional response profiles, it is less clear how the approach generalizes to finer-
scale subdivisions within association cortex (e.g., subnetworks), where neighboring regions
may exhibit highly similar task-response profiles and their functional roles remain
incompletely understood. In these settings, the relevant functional dimensions may not yet be
known, making it difficult to design optimized task batteries a priori. It would therefore be
valuable for the authors to discuss how the framework could be extended to such cases.

(3) More generally, the framework assumes that the sampled task space adequately captures
the functional dimensions that differentiate cortical regions. However, particularly within
the association cortex, neighboring regions may exhibit similar task-response profiles while
differing in the information they represent, their interactions with other regions, the
computations they perform, or their cortical layer-specific response patterns. In such cases,
the dimensions that best distinguish cortical organization may not be fully reflected in task-
response profiles alone, but instead become apparent through complementary approaches
such as representational analyses, task-evoked or resting-state connectivity, computational
modelling, or laminar response profiles. It would therefore be valuable to discuss how the
proposed framework relates to these complementary perspectives.

(4) Many task batteries inherently contain tasks that vary substantially in cognitive demand.
Given that task difficulty is itself a major organizational axis in association cortex, it would be
helpful for the authors to discuss how the optimization framework accounts for this.
Specifically, could differences in task difficulty drive regional differentiation, even when
tasks probe similar underlying cognitive processes? If so, how does the framework
distinguish between organizational differences arising from a common demand axis and
those reflecting more specific functional specializations?

(5) The Discussion places the proposed framework in the broader context of precision
functional mapping and refers readers to a companion paper demonstrating advantages over
resting-state ("inside-out") approaches. Given that these comparisons motivate several of the
broader recommendations made in the Discussion, it would be helpful to provide a brief
summary of the main findings of the companion paper here. This would allow readers to
better understand the basis for these conclusions without relying on a separate manuscript.

https://doi.org/10.7554/eLife.111868.1.sa0
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