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ABSTRACT

Resting-state functional Magnetic Resonance Imaging (fMRI) is widely used to infer the intrinsic functional
organization of the brain, yet it remains unclear how well this approach can predict the structure of brain
activity observed across a diverse set of mental states. Here we compare resting-state to task-based fMRI
using diverse task batteries within the same individuals. We find that multi-task fMRI data consistently
outperform resting-state estimates in predicting functional organization during novel tasks. This advantage
persists across preprocessing strategies, brain regions, and independent datasets. While task activation
estimates do show task-dependency when using only few tasks, increasing task diversity reduced task-
specific bias, with convergence achieved using modest task sets. These improvements translate into
superior individual parcellations and connectivity models. Together, our results dissociate reliability from
validity in neuroimaging and challenge the prevailing assumption that rest provides a privileged window
into intrinsic brain organization. Instead, functional architecture appears most faithfully revealed when the
brain is actively driven through diverse task states.

Keywords: task-based fMRI, resting-state fMRI, functional connectivity, brain parcellation, multi-task
fMRI, individual differences, functional precision mapping

INTRODUCTION

Resting-state functional connectivity measured using functional Magnetic Resonance Imaging (fMRI)
[IH11] has become one of the dominant methods used in human neuroscience. The approach relies
on the fact that when participants lie in the MRI scanner, the Blood-oxygen-level-dependent (BOLD)
signal spontaneously fluctuates around a mean (Figure[Ta). From the co-variation of these fluctuations
across regions, one can infer which regions are functionally connected. The approach can be used to
infer the general organization of the human brain [9} 10, 12} |13]], but also to discover differences in brain
organization across individuals [14-20]. Because resting-state imaging is easy to implement and can be
obtained even from participants who cannot follow task instructions, it has become extremely popular
in clinical and population neuroscience [2, 21H28]. However, one disadvantage is that the functional
correlations between regions are driven not only by neural interactions, but also by noise sources, such as
head movements, breathing, pulsatory heart-rate effects and scanning artifacts [29-34], which can bias
correlation estimates.

In task-based fMRI (Figure [Ib), participants typically alternate between short periods of rest and
one or more task conditions. By using a randomized design, the experimenter can make strong causal
inferences about how much of the variation in the measured BOLD activation is caused by the task, thereby
retaining strong control of the measurement noise. However, the functional connectivity inferred from the
task fMRI data will strongly depend on the co-activation patterns across the chosen tasks. For example,
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Figure 1. Hypothetical evolution of brain states, characterized by the activity in 3 brain regions. (a)
Resting-state fMRI relies on spontaneous fluctuations around a mean point. (b) Task-based fMRI induces
a replicable co-activation pattern across regions by alternating between a task and rest. (¢) Multi-task
fMRI drives the brain through a defined set of task-states in a random order.
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Task A may induce a strong co-activation (and hence correlation) between regions 1 and 2, whereas a
different task may lead to a strong co-activation of 1 and 3 [35136]. Because of this task dependence, some
researchers avoid task-based fMRI for connectivity studies, arguing that imposing specific cognitive or
sensory states can bias the observed connectivity patterns and obscure the intrinsic functional organization
of the brain [37-40]. When using task-based data to estimate functional connectivity, researchers often
remove reliably induced task activation from task time series data and estimate functional correlations
from the residuals [37}41-46].

Multi-task fMRI (Figure[Ik) provides a way to potentially avoid the disadvantages of both resting-state
and task-based imaging. In this approach, brain activity is measured while participants perform a series of
various tasks [20,47-49]. If the sample of tasks is broad and representative enough, correlation estimates
should become independent of the exact tasks chosen and converge toward an average task-independent
functional connectivity. At the same time, the randomized design will provide strong control over the
influence of measurement noise.

Here, we compared the estimated brain organization for individual participants from multi-task and
resting-state fMRI studies. We evaluated these estimates by their ability to predict the individual’s brain
organization across multiple novel tasks that were not included in the training data, since a good model of
an individual’s functional brain organization should generalize across a wide variety of brain states. This
choice reflects the ecological reality that the human brain predominantly occupies various active states in
daily life, of which rest is only one.

There are many different statistical approaches to describe individual brain organization, including
brain parcellations [[10} [11} 50} 51]], functional gradient mapping [52H56], network analysis [39} 5761,
and activity flow models [59}162]. As evaluating all of these approaches in detail would be prohibitive,
we chose the spatial (voxel-by-voxel or vertex-by-vertex) covariance matrix as our primary evaluation
target. The spatial covariance matrix is a common point in the analysis of most brain organization models
(Figure [2) and provides a summary of the raw data that contains all the necessary information to estimate
most parcellations, functional gradients, and network models (i.e. it constitutes a sufficient statistic [|63|]
for these models).

In this paper, we estimate spatial covariance matrices from either task-based or resting-state fMRI data
and compare the effect of different filtering approaches designed to reduce the impact of measurement
noise. For task-based imaging, we also compare using either only the activation estimates for each task,
the residuals from the time series model, or the entire time series. Overall we find that covariance matrices
from multi-task designs generally outperform those based on resting-state data in predicting activity
patterns in new, unrelated tasks. Although reducing the task-based time series to activation estimates
decreases the reliability of covariance matrices, the predictive power is not reduced (or even superior)
to those derived from the full time series. We then show that the results obtained at the level of spatial
covariance matrices also generalize to two selected subsequent neuroimaging models: parcellating cortical
and subcortical regions [[11} 47, 164], and mapping their connectivity [65]]. Finally, we replicate our results
in two other datasets that contain both resting-state and multi-task fMRI data from the same individuals.

232


https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Task 20 minute scan Rest

4 4

Raw time series

Cleaned time series [
Connectivity fingerprint Il
Residual time series

Task activation estimates

©
i
©
(@)

il
Filtering

Covariance

. Matrix

Parcellations Connectivity K,
& & ©
Gradients Networks (@)

> (rv\\ >
/g\ / .E

o o

Figure 2. Overview of data analysis pipeline. Data: We used 20 minutes of task-based or resting-state
fMRI data acquired from the same individuals. Filtering: Data were either used without further
processing (raw time series) or subjected to one or more filtering steps: ICA-based denoising (cleaned
time series), and subsequent connectivity fingerprinting (conn. fingerprint). For task data only, we used
the experimental design to estimate task activation using a GLM approach (Task activation estimates).
We also used the residual time series from this analysis (residual time series). Covariance: Voxel-wise or
region-wise covariance matrices were then estimated for each subject and data type from the preprocessed
time series data, connectivity fingerprints, or task activation estimates. Brain model: The spatial
covariance can then be used to estimate a brain parcellation, gradient, or connectivity model.

RESULTS

In our first analysis, we used 20 minutes of resting-state and task-based data each, acquired from the same
seventeen subjects in the Multi-Domain Task Battery (MDTB) dataset [47]). The multi-task data comprised
17 tasks tapping into cognitive, motor, perceptual, and social functions. During the resting-state session,
subjects were instructed to look at a fixation cross in the center of the screen.

All time series data were first minimally preprocessed (see methods). We then compared a range
of approaches to filtering or processing these data, which are commonly used in the field (Figure [2).
First, we compared the impact of cleaning the time series data using Independent Component Analysis
(ICA) with that of using minimally preprocessed time series data. Second, we optionally used
connectivity fingerprinting [[70] as an additional processing step. In this approach, the time series of
each voxel was first correlated with the times series measured in 32 functional networks (see methods).
Then, this vector of correlations (i.e., the connectivity fingerprint) was used instead of the time series as
input data for subsequent analysis. This processing step effectively up-weights aspects of the time series
that are commonly found in other brain networks, while suppressing aspects that are unique to the region.
For task data, we also applied a standard General Linear Model (GLM) approach to estimate the evoked
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activation for each task in each run. We then used the vector of task activation estimates instead of the full
time series for connectivity estimation. This approach concentrates on the part of the observed data that is
reliably induced by the different tasks, and removes all fluctuation around the mean evoked activation. As
a complementary approach, we also used the residual time series, which retains these fluctuations, while
removing the activation that is systematically related to the tasks.

Subsequently, a spatial covariance matrix was computed from these different data types. This matrix
provides an ideal measure for comparing different approaches, as it is the single common point for
different filtering pipelines and different model types (Figure2). In the main paper, we report the results
for the neocortical covariance matrix. Confirmatory results were found for the cerebellar and cortico-
cerebellar covariance matrices, as reported in the supplementary material. Finally, we show that our
results generalize, as expected, to subsequent frameworks for parcellation and connectivity models.

Reliability of covariance matrices

We first examined split-half reliability of the covariance matrices, estimated from two halves of neocortical
data (10 minutes of scan time each). Although all data types showed reasonable reliability (all » > 0.57,
one-sample t-tests all 114 > 13.25, all p < 3.87 x 1077), we observed significant differences between
the data types (Figure [3). Covariance matrices calculated from minimally preprocessed time series
(task or rest) had low reliability and did not differ significantly from each other (¢;4 = 0.62, p = 0.543).
ICA-based cleaning significantly increased the reliability of the covariance matrices (task raw vs task
clean: tjg = —5.29, p = 7.27 x 1077, rest raw vs rest clean: ;o = —7.40, p = 1.51 x 10~°). Subsequent
connectivity fingerprinting led to a further increase both for rest and task time series; however, this was
only significant for rest data (rest clean vs rest connectivity: fj6 = —4.47, p = 3.85 x 107#, task clean vs
task connectivity: ;¢ = —1.82, p = 0.088).

In contrast, covariance matrices estimated only on the task-evoked activation had substantially lower
split-half reliability than all data types but raw task and rest time series (all #;4 < —3.12,p < 6.64 x 1073;
significant at a Bonferroni-adjusted threshold of (p < 0.007)). Even the residuals from the task-based
time series showed significantly higher reliability. The split-half reliability of the cerebellar and cortico-
cerebellar covariance matrices showed a similar pattern (Figure [ST).

Influence of measurement noise on covariance matrices

While reliability of covariance matrices is a necessary precondition to characterize stable functional
organization in individual brains, it is not sufficient. In fact, high reliability of the covariance matrices
can be due to measurement noise caused by head motion or physiological artifacts [29-32,[72]]. This is
because noise processes can have consistent spatial structure: two voxels may be similarly influenced by
a noise process, because their slice may be measured in the same relative phase of the cardiac cycle, or
because they show similar brightness changes with residual head motion. These relationships are stable
across multiple imaging runs, such that the correlation between the two voxels would be very reliable,
even though it is caused by measurement noise.

In general, there is no guaranteed way to cleanly separate the covariance structure induced by
measurement noise from that induced by neuronal processes. However, there are cases in which we can
be relatively confident that high correlations must be induced by measurement noise. One example is
the correlation between voxels in the superior cerebellum and voxels of the directly adjacent inferior
occipital lobe. Even though these voxels are physically close, they are separated by the tentorium and
not functionally coupled [73]]. For this reason, previous analyses of cortico-cerebellar connectivity based
on resting-state data forcefully removed these correlations [74]. We can therefore use the size of the
correlation between voxels across the tentorium as a rough proxy of the degree to which different data
types and processing pipelines induce artificially high correlations for spatially neighboring voxels.

We first confirmed that superior cerebellar voxels indeed show lower functional coupling with their
immediate neighboring voxels in the inferior occipital lobe than with the rest of the neocortex by
correlating the task-based activation estimates of cerebellar voxels within 10 mm of the tentorium with
either the directly adjacent cortical voxels, or the remaining non-adjacent voxels (Figure dh). To eliminate
the influence of motion or physiologically induced noise correlations, we estimated the neocortical and
cerebellar activation of different runs. A paired t-test of correlation differences showed that superior
cerebellar voxels were less correlated with the immediately adjacent neocortical voxels than with the rest
of the neocortex (mean r = -0.006 + 0.004 vs. r = 0.014 + 0.003, t;5 = —4.52, p = 3.46 x 10~*). This
confirms that the functional response of superior cerebellar voxels shows positive long-range correlations
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Figure 3. Split-half reliability of cortical covariance matrices. Split-half reliability was calculated as
the correlation between the neocortical covariance matrices derived from 10 min of fMRI each.
Covariance matrices are calculated from Raw time series: raw fMRI time series without further
processing; Cleaned time series: fMRI time series after [CA-based denoising; Conn. fingerprint:
Connectivity fingerprint calculated on cleaned time series data; Residual time series: Covariance matrix
calculated on task residual time series (task-related activation regressed out); Task activation estimates:
Activity estimates from a GLM for the 17 tasks. Error bars represent standard error of the mean across
participants. Each dot is one participant.

with the non-adjacent cortical regions, and significantly lower correlations with cortical regions that lie
immediately across the tentorium.

To examine how strongly different methods are influenced by shared noise, we calculated the nor-
malized ratio between the correlations of the superior cerebellar and adjacent neocortical voxels and
the superior cerebellar voxels and the rest of the neocortex (Figure fa). This ratio should be positive
for data that are less influenced by shared noise. We found that the correlation ratio for task activa-
tion estimates was significantly higher than zero (t;6 = 4.42,p = 4.31 x 10~*, Figure Eb), and also
exceeded the correlation ratio for all other data types (task activation estimates vs all other data types:
all 11 > 2.99, p < 8.71 x 1073). The correlation ratio for residual time series and connectivity finger-
prints (calculated from task or resting-state data) did not differ significantly from zero (all 14 < 2.26,
p = 0.305). The correlation ratios for raw and cleaned time series were negative, with the cleaned
task time series showing a significantly lower correlation ratio than zero (t;s = —3.43,p = 3.41 x 1073,
Bonferroni-adjusted threshold of p < 0.007). This indicates that the time series of the superior cerebellar
voxels is more correlated with the cortical voxels directly adjacent than with the rest of the brain. These
correlations are likely driven by measurement noise that was not eliminated during preprocessing.

Hence, despite their relatively low split-half reliability, task activation estimates were least influenced
by measurement noise that led to correlations of spatially proximal voxels. Raw and even cleaned time
series from both task and rest data showed artificially inflated correlations between spatially adjacent
voxels, a factor that will have contributed to their high reliability.

Dependence of covariance matrices on the selected tasks

A common concern with using a task-based approach for deriving parcellations or connectivity models
is that the results will be biased by the specific tasks used in the experiment. To quantify this effect, we
examined the differences between the spatial covariance matrices derived from different task batteries,
composed of 2, 3, 6, 10 and 13 tasks, sampled randomly from the 17 possible tasks. For each task battery,
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Figure 4. Normalized cross-tentorial correlation difference . a. Cross-tentorial correlations were
calculated between superior cerebellar voxels (blue) and directly adjacent neocortical voxels (red, r,).
Correlations were also calculated between superior cerebellar voxels and the rest of the neocortex
(non-adjacent, ). b. Cross-tentorial normalized correlation difference (r, — ry,)/(|r4| — |ra|) for different
data types. Error bars represent standard error of the mean across participants. Each dot represents one
participant.

we used activation estimates that were based on 20 minute scan time each (or as close to 20 minutes as
possible given the data available). The vector of resulting activation estimates at each brain location was
then used to compute spatial covariance matrices.

We first examined the correlation of neocortical covariance matrices derived from task batteries
consisting of 2 tasks. These were relatively different from each other, with correlations of 0.59 (+ 0.12,
Figure [5b). The systematic differences between the different task batteries can be visualized using
classical Multi-Dimensional Scaling (MDS) (Figure[5a): each corner of the plot was occupied by task
contrasts that emphasize the difference between different functional networks. Batteries contrasting rest
with tasks associated with increased activation in the dorsal attention network and motor network (e.g.,
rest vs. N-back, rest vs. motor sequence) clustered in the lower right, whereas batteries involving action
observation (e.g., action observation vs. motor sequence, action observation vs. N-back) clustered in
the lower left quadrant. Batteries that contrast mentalizing against dorsal attention network (e.g., theory
of mind vs. spatial navigation, theory of mind vs. N-back) in the upper left, while those contrasting
scene construction and imagery (e.g., spatial navigation vs. GoNoGo, imagery vs. emotion recognition)
occupied the upper right quadrant.

However, the systematic difference between different task batteries could be significantly reduced
by including more randomly sampled tasks in the battery. As we increased the number of tasks from 2
to 6, we observed a substantial increase in the correlation (Figure 5b). Increasing the number of tasks
to 10, 13 and 17 tasks did not lead to substantial further improvements (17 tasks vs. 10 or 13 tasks: all
tie < —1.42, p > 0.17). All 17-task batteries contained the same set of tasks. Consequently, similarity at
17 tasks was constrained primarily by measurement reliability, as the correlated covariance matrices were
estimated from independent data sets. In sum, these findings show that the more varied the task battery is,
the more invariant the correlations between brain locations are to the exact choice of tasks, with batteries
comprising six or more tasks approaching the noise ceiling.

Generalization to novel task set

Critically, a good model of an individual’s functional brain organization should not only be reliable and
invariant to the exact battery chosen but should also make valid predictions across a wide variety of brain
states. We therefore evaluated how similar the covariance matrix derived from each different data type
was to the covariance matrix obtained from the same individual, in a separate session comprising 18 new
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Figure 5. Similarity and differences between different task batteries. a. Multi-dimensional scaling
graph of the similarity space of neocortical covariance matrices derived from different 20 min task
batteries. a. The second and third MDS dimensions are displayed (for dimension 1, see Figure [6).
Randomly sampled task batteries consisting of 2, 6 or 17 tasks are shown in progressively darker blue
colours. Each dot shows the covariance matrix derived from a specific task battery averaged across
subjects. All dots rely on independent data. The black X shows the covariance matrix derived from 18
novel task conditions, acquired during a separate session and without overlap to the sampled task
batteries. Selected task batteries consisting of two tasks (a single task contrast) are labeled with
abbreviated task names: ActObs: action observation task, SpatNav: spatial navigation task, GoNoGo:
Go-Nogo task, Imagery: Motor imagery task, ToM: theory of mind task, MotorSeq: motor sequence task,
Nback: N-back working memory task, Emotion: emotion recognition task. b. Average similarity of
randomly sampled task batteries to each other. Each dot represents the within-subject, pairwise
correlations between the covariance matrices.

task conditions and 144 minutes of functional imaging data. By calculating the similarity as the Pearson
correlation between the vectorized covariance matrices, we were able to situate the covariance matrix of
the independent task set in the MDS space (Figure [Sh, [6b).

The MDS plot showing dimension 2 and 3 (Figure [5a) clearly shows that the covariance matrix of
the new task set falls quite close to the center of the randomly sampled task sets, confirming our claim
that covariance matrices (and hence brain connectivity and parcellations models) estimated from rich
task batteries converge on a common, invariant point per individual. Indeed, the average correlation
between the new task set and the 20-minute 17-task batteries were highest with r= 0.56 + 0.11, with
slightly declining similarity when reducing the number of tasks. While there was no difference between
17 and 13 tasks that survived the Bonferroni-adjusted threshold of p < 0.01 (13 tasks: 0.56 + 0.10,
t16 = 2.90,p = 1.04 x 107%), progressively reducing the number of sampled tasks led to significant
decreases in similarity to the new task set (all f;4 < —5.46, p < 5.20 x 107°).

So far we have only compared covariance matrices estimated on tasks-activation data, with differences
relating mostly to the exact choice of tasks. These differences were well represented in the second
and third dimension of the MDS space. In contrast, the first dimension of the MDS space (Figure [62)
differentiates between covariance matrices based on task activation estimates and those estimated from
the entire time series.

On the left side of this axis was the covariance matrix estimated from raw resting-state time series,
which had the lowest similarity with the independent task session (r=0.34 + 0.11). ICA-based cleaning
resulted in an estimate that was significantly closer (r=0.45 + 0.10, Figure @3, e =6.08, p =1.60 x 107).
On the other hand, connectivity fingerprinting did not improve, but decreased the similarity to the
covariance matrix estimated on an independent task set (rest clean vs. rest connectivity: tjg = —4.29,p =
5.64 x 1074).

Importantly, just by using time series data that were collected while the individual was engaged in
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Figure 6. Similarity space of covariance matrices. a. First two dimensions of the similarity space of
neocortical covariance matrices. Rest raw: raw resting-state time series, Rest clean: cleaned resting-state
time series, Task raw: raw task time series, Task clean: cleaned task time series, Task residuals: residual
task time series, Task conn: connectivity fingerprint calculated on task time series, Rest conn:
connectivity fingerprint calculated on resting-state time series, New Tasks: task activation estimates
estimated from a separate session comprising 18 unique task conditions. Scan time of all data types was
matched to 20 minutes, except for the independent new task session, which was 144 minutes per
individual. Similarities were calculated within participants then averaged across participants. For task
batteries, each dot represents one specific sampled task battery. b. Correlations of covariance matrices
with the same individual’s new task session. Noise ceiling was estimated by computing the similarity
between covariance matrices derived from two runs and covariance matrices derived from the remaining
fourteen runs of the independent task session on which all similarities were evaluated. Error bars
represent standard error of the mean across participants. Each dot represent one participant.

a variety of tasks (but otherwise processed like resting-state data), we obtained an estimate that was
more predictive of the covariances during a completely different set of tasks. The raw and cleaned task
time series data were significantly more similar to the independent task session than the corresponding
estimates from the resting-state data (raw task vs. raw rest: t;¢ = 3.60, p = 7.20 x 1073, cleaned task vs
cleaned rest: tjg = 2.95,p = 2.84 x 1072). These findings show that the activation caused by the broad
set of tasks allows for better identification of a task-invariant connectivity pattern than using data acquired
during rest, no matter how the corresponding time series was processed.

Surprisingly, the task-based covariance matrices were just as predictive when calculated on task
activation estimates only (16 = 0.57, p = 0.57), even though this step removes a lot of information from
the data and reduces the reliability of the covariance matrices (Figure [3). Conversely, using only the
information that has been removed, i.e. the residuals from the regression, led to a covariance matrix
that was significantly less similar to the new task set than the covariance matrix estimated on the entire
time series (f16 = —9.52, p = 5.46 x 10~%). These results indicate that the predictive information that
generalizes well to new task states is mostly captured in the average evoked activation and to a much
lesser extent in the fluctuations around this mean.

For cerebellum and cortico-cerebellar covariance matrices, a similar pattern emerged (supplementary
results, Figure @). Furthermore, to ensure that results are not restricted to the use of a spatial covariance
matrix as the main evaluation target, we showed they generalized to the spatial correlation matrix (Fig.
[S4). Finally, we also replicated our analysis using the task and rest data from the Human Connectome
Project (75 [76] (HCP, Figure [S3).

In sum, these findings show that multi-task data consistently captured functional organization better
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Figure 7. Performance of individual parcellation maps in predicting functional boundaries in
independent tasks for the same subjects in a. Prefrontal cortex, b. Cerebellar cortex. The Distance
controlled boundary coefficient (DCBC) indicates the difference of the within-parcel vs. between-parcel
correlation, controlled for the spatial distance of two brain locations. For random, but spatially
contiguous parcellations, the expected DCBC is zero.

than rest data, irrespective of preprocessing. Most of this useful information was captured in the
mean evoked activation. The advantage of the multi-task approach was independent of matrix statistic
(covariance or correlation), brain structure (cortex or cerebellum), and dataset.

Application to individual brain parcellation models

High similarity to the covariance matrix estimated on a new task set suggests that any model estimated
on this sufficient statistic will be able to better predict this new task data. To demonstrate this intuition
directly, we compared the performance of different data types on two common neuroimaging problems:
deriving individual functional parcellations [20, 51} [77]], and estimating models of connectivity [65].

For the parcellations, we evaluated how well individual maps—derived from each data type—predicted
the functional boundaries measured in an independent set of tasks. We performed this analysis in two
brain structures that tend to show a high inter-individual variability in organization: the prefrontal cortex
and the cerebellar cortex [78]. Parcellations were derived using a previously published probabilistic
parcellation algorithm (see Methods,[[77]). As priors, we used 44 regions of the Glasser parcellation
[L14179] in each hemisphere for the prefrontal cortex and the 32 functional region of a recent parcellations
of the cerebellar cortex [64]. For each subject, we evaluated how well the winner-take-all map predicted
functional boundaries in held-out data from the same subject using the Distance-Controlled Boundary
Coefficient (DCBC, [80] - see Methods - DCBC evaluation).

In the prefrontal cortex, an individual parcellation based on the task activation estimates achieved the
highest DCBC (mean DCBC = 0.18 + 0.05), numerically outperforming all other data types (Figure[7h).
Task activation estimates resulted in significantly higher DCBC than all data types (all ;6 = 4.08,p =
8.79 x 10~*), apart from the task connectivity fingerprint (t;s = 0.68, p = 0.504). As predicted by the
similarity of covariance matrices, task data again outperformed rest data for matched preprocessing (all
te >2.77,p < 1.36 x 1072).

In the cerebellum, the results closely mirrored the prefrontal cortex: task activation estimates parcella-
tions yielded the highest DCBC (mean DCBC = 0.16 + 0.05), and significantly outperformed all other
data types (all 16 > 3.21, p < 5.45 x 10~3), apart from the cleaned task timeseries (6 = 1.58, p = 0.13).
As expected, task data outperformed rest data for matched preprocessing (all t1¢ > 4.77, p < 2.08 x 107%).
For full results, see Supplementary Materials section S7.

In addition to our main multi-task data set, we repeated the analysis on a separate replication dataset
(N=8, see Methods). This dataset contained 40 minutes of multi-task fMRI and 40 minutes of rest fMRI
to parcellate the cerebellum, and 40 minutes more of multi-task data to evaluate the functional boundaries.
We found the same pattern of results (Figure[S6), with parcellations derived from task activation estimates
showing highest performance (all 17 > 3.56, p < 9.20 x 103). Task data resulted in significantly higher
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Figure 8. Connectivity model results. Shown is the correlation of predicted and observed cerebellar
activation patterns. Predictions are based on the individual connectivity models (trained for each data
type) and the individual neocortical activation patterns for a new set of tasks. Each dot represents a single
subject.

performance than rest data for matched preprocessing (all 114 > 3.31, p < 1.30 x 10~2). For full results,
see Supplementary Materials section S8.

Together, these results demonstrate that parcellations estimated from multi-task data, especially when
using only task activation estimates, provided the most accurate description of individual functional
boundaries in both prefrontal cortex and cerebellum, as these predicted the boundaries measured under
novel task states the best. As before, data from multi-task fMRI were more powerful than the data from
resting-state scans, even if the data were analyzed exactly the same way in both cases (i.e. treated like
resting-state data). While cleaning and fingerprinting could improve the prediction of individual functional
boundaries, it never exceeded the level achieved when using activation estimates only. This pattern of
results was independent of brain structure and replicated in a separate dataset.

Application to individual brain connectivity models

As an example for a connectivity model, we chose to model the connectivity between two highly
interconnected brain areas, the neocortex and the cerebellum [65]. We estimated a directed partial
connectivity model that used the entire pattern of the cortical fMRI activation to predict the activation in
each cerebellar voxel separately. We trained individual linear task-invariant regression models [65} [81]]
on each data type and evaluated how well the model can predict the cerebellar activation in the same
individual in a new set of tasks (see Methods - connectivity modeling).

In predicting the cerebellar activation pattern on novel tasks, connectivity models based on task activa-
tion estimates achieved the highest predictive correlation (mean r = 0.31 4 0.04, Figure3), significantly
outperforming other data types (all 16 > 2.70, p < 7.82 x 10~3, Bonferroni-adjusted threshold p < 0.01).
Also, task data outperformed rest data for matched preprocessing (all #15 > 7.82, p < 3.70 x 1077).
Finally, cleaning increased performance of the task and rest over raw time series.

In the original paper [65], we employed a crossed approach to reduce the influence of measurement
noise onto the estimated connectivity weights, i.e. we predicted cerebellar activation patterns from one
imaging run using cortical activation patterns from the same tasks acquired in a separate imaging run.
We found that training on one run and testing on the other further enhanced the predictive performance:
the crossed model (mean r = 0.38 4 0.03) significantly outperformed the model based on uncrossed task
activation estimates (t;¢ = 2.34, p = 1.64 x 10~2). This suggests that even connectivity models based on
task activation maps are biased to some degree by measurement noise. Estimating these in cross-validated
fashion reduces this biasing influence and improves predictive performance for novel sets of tasks.
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DISCUSSION

Summary

In this study, we systematically compared resting-state and multi-task approaches to capture individual
functional brain organization. We demonstrated that the spatial covariance and correlation matrices
based on multi-task data were more similar than those estimated on resting-state data to the covariance
or correlation matrices measured under novel task conditions. This was even the case when the time
series data for rest- and multi-task data was pre-processed and analyzed exactly in the same way. As
expected, ICA-based cleaning [67H69] and sometimes also connectivity fingerprinting [70, [71]], improved
the similarity of these connectivity matrices further. Surprisingly, the advantageous features of the
covariance matrices estimated from task data were fully preserved, or even improved, when we only used
the averaged task-evoked activation maps, rather than the entire time series.

Our results also show that the advantage of multi-task fMRI is only present when the battery contains
enough tasks. Task-based data relying on a few tasks bias the resulting activation strongly towards the
task set and do not generalize well to novel tasks. However, 6 or more diverse tasks appeared to be
sufficient to obtain a reasonable estimate of the task-invariant correlation structure of the brain. Our
findings on covariance matrices directly translated to models that were based on these matrices: multi-task
data outperformed rest data for individual parcellations and connectivity modeling, with task activation
estimates showing the highest performance. Finally, we replicated these findings in an independent
high-resolution dataset, in the HCP task-dataset, and across various brain structures, confirming that our
results are not driven by the idiosyncrasies of a single dataset.

Reliability does not guarantee good predictive performance
Our study also demonstrates that the reliability of connectivity matrices is a necessary, but not sufficient,
condition for good predictive performance. Individual connectivity matrices calculated on cleaned time
series data or on connectivity fingerprints tend to show relatively high split-half reliability [16} 18} 45} 82
84, a result that we replicate here. In contrast, connectivity matrices based on task activation estimates
alone were much less reliable, likely resulting from the fact that a large amount of the data are discarded
when projecting the time series onto a design matrix to obtain activation estimates. However, task
activation estimates best generalize to novel tasks, suggesting that they provide a more valid estimate of
task-invariant connectivity. In contrast, the high reliability of spatial covariance matrices estimated from
time series data does not guarantee that the resulting connectivity analyses or brain parcellations are valid.
We suggest that the high reliability of time series data is, at least to some extent, caused by spatially
correlated physiological or movement-induced measurement noise. While the signals induced by the
noise processes are themselves uncorrelated across runs, spatial-correlation matrices calculated based on
them are not, but can show up as very stable signal correlations across independent measurement runs.
Our cross-tentorial analysis provides some evidence for this. Task activation estimates in the superior
cerebellum were less correlated with immediately adjacent neocortical voxels than with functionally
connected, but spatially distant regions. In contrast, raw and cleaned time series from both task and
rest data showed higher correlations with immediately adjacent neocortical voxels as compared to the
rest of the brain. Because there are no known functional connections between the cerebellum and the
immediately abutting neocortex—and the two are separated by a hard membrane—it is likely that these
correlations were induced by shared measurement noise. In previous cortical-cerebellar connectivity
models, authors have therefore chosen to forcefully remove these correlations by regressing out the signals
from the abutting neocortex in the cerebellum [74]. However, the shared noise correlations across the
cerebellar tentorium are very likely also present elsewhere in the human brain, where they, unfortunately,
can not be distinguished from real neuronal correlations between adjacent brain regions. Reducing the
multi-task time series to activation estimates appears to remove these correlations effectively.

Task diversity reduces bias

A common concern with task-based approaches is that the resulting brain organization will be biased

toward the specific tasks used [37, 41-46]. Our results clearly demonstrate that this concern is fully

warranted: Depending on the type of task contrast, covariance matrices estimated on only 2 tasks differed

strongly and systematically from each other, as visualized in their location in the MDS similarity space.
However, we also demonstrate that this bias can be effectively reduced when including more tasks,

even if the scan time is held constant, such that we have much less data per task. The similarity between
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different task batteries increased significantly when going from 2 to 6 tasks, but then started to plateau,
with no significant improvement beyond 6 tasks. This result may partly reflect the limitation that we
could only sample from 17 different tasks, such that larger task batteries include overlapping sets of tasks.
However, we also showed that the generalization of the results to a completely novel task set plateaued
after including 13 tasks, and that relatively good performance could already be reached with 6-10 tasks.
This suggests that a good estimate of a task-invariant individual parcellation or connectivity model can be
achieved using relatively small task batteries (6—10 tasks).

Active multi-task engagement helps to reveal task-invariant functional organization
Multi-task data consistently outperformed rest data across all matched preprocessing steps, from raw time
series to cleaned time series to connectivity fingerprints. This robust result suggests that the advantage of
using a multi-task battery does not lie in how the information is used in subsequent analyses, but in the
information content of rest versus task data. Active engagement in diverse tasks drives the brain through a
series of states, which seems to provide richer, more informative signals about functional organization
than the spontaneous fluctuations recorded during rest, regardless of how the data are processed.

Using activation estimates or residuals from the task-based time series

The full task time series can be decomposed into two complementary aspects: The mean evoked activation
maps for each task (the task activation estimates), and the random fluctuations around this mean (the
residual time series). Previous work has argued strongly that for building connectivity models from task
data, the task-related activation should be removed and only the residual time series be used [37} 41+~
46]. This step is aimed at reducing the dependency of the result of the specific choice of tasks. It has
been further shown that regressing task activation out yields maps that resemble resting-state-derived
connectivity [37]] and that can recover within-individual network architectures close to those estimated
from resting-state [85]. We replicate these findings conceptually, by showing that covariance matrices
from residual time series are highly reliable and can approximate individual functional organization
at a level similar to resting-state time series. Furthermore, on all our evaluation criteria (similarity to
novel tasks, parcellation, connectivity), the performance of residual-based estimates exceed zero, which
indicates they indeed carry relevant signal about the individual.

However, we also find that despite good reliability and similarity to rest, the residual time time series
performed substantially worse than both the full task time series and the task activation estimates alone
in predicting functional organization in unseen tasks. It is likely that this behavior is due to the biasing
effect of measurement noise: Our cross-tentorial analysis indeed suggests that correlation estimates
based on residual time series, despite being highly reliable, are more susceptible to shared noise. This
pattern is consistent with the view that residuals reflect a mix of useful fluctuation and measurement noise.
While the residual time series contain some signal about individual functional organization, these signals
are diluted, even after cleaning, with measurement noise that biases the estimated covariance structure.
Importantly, Gratton et al. [45] demonstrated that functional networks are dominated by stable group
and individual factors rather than cognitive state; our results extend this by showing that when the goal
is prediction of organization during novel task states, the task-evoked activation from a diverse battery
captures that stable organization more validly than do rest or residual-based estimates.

Overall, therefore, when applied in the context of a rich multi-task battery, regressing out task-related
activation substantially reduces the similarity of the spatial covariance matrix to other task sets. This
suggests that the information that reveals the task-invariant organization of an individual brain primarily
resides in the task-evoked responses themselves, rather than in the residual spontaneous fluctuations.

Theoretical implications for functional precision mapping
Our findings challenge the assumption that BOLD fluctuations observed during rest reveal the “true” or
‘baseline” functional organization. Instead, functional organization may be better characterized when
the system is actively driven through diverse states. Diverse task states seem to provide an efficient way
to sample the brain’s intrinsic functional organization, yielding representations that generalize to other
functional contexts. This aligns with the idea that the brain’s functional architecture is optimized for
action, not rest.

Recent reviews of resting-state fMRI have emphasized both the transformative impact of rest data
on network neuroscience and the limitations that arise when reproducibility and reliability are treated as
proxies for functional relevance [2-4} 13} |39} 186]. Although resting-state data can robustly capture some
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intrinsic functional organization [8,/45} /87,88, and Smith et al. showed close correspondence between the
brain’s functional architecture during activation and rest [8,[89]], accumulating evidence suggests that rest
data is not optimal for all neuroscientific questions, particularly those involving prediction of behaviour
[20,190-93] or generalization to novel cognitive states [94]]. Our findings provide a concrete empirical
example of this broader point: although resting-state data are highly reliable, they are less effective than
task-based estimates at predicting functional organization during novel cognitive states. Gratton et al. [43]]
showed that functional networks are dominated by stable individual factors rather than cognitive state;
here we show that for predicting that organization in new task states, multi-task activation estimates
outperform both rest and task-residual estimates. Consistent with longstanding concerns about spurious
correlations driven by spatial proximity and physiological confounds in rest data [31} [32], we show
that even state-of-the-art cleaning approaches do not completely remove the biasing effect of structured
noise, whereas using task-evoked activation estimates substantially reduce these effects. These findings
support a growing view that functional organization should be evaluated not only by stability, but by its
capacity to generalize to functional organization in other contexts. Overall, therefore, multi-task fMRI
provides a powerful alternative to resting-state approaches for characterizing behaviourally relevant brain
organization.

Our findings also highlight the importance of choosing appropriate validation metrics. While reliability
is necessary, it is not sufficient. Internal validity metrics, such as the cross-tentorial correlation ratio,
provide crucial sanity checks that reliability alone cannot provide. When the goal is prediction or
generalization, validity metrics should be prioritized alongside reliability metrics. The present results
align with recent concerns about generalization failure in rest-based analyses: representations that are
stable and reproducible do not necessarily support extrapolation to new cognitive states [2, 94-96].
Evaluating functional organization by its ability to predict unseen tasks may therefore provide a more
stringent and functionally meaningful benchmark.

Practical implications for functional precision mapping

If the goal is to map the intrinsic functional brain organization of individuals, we recommend using a
diverse task battery instead of acquiring resting-state data. In order to provide a general mapping that
generalizes well to other tasks, our data show that such a battery needs to sample different task states
broadly. We found that the spatial covariance matrix stabilized with task batteries that contained more
than 6 diverse tasks. Thus, even if functional scan time per individual is restricted, as is often the case
in clinical or population-based studies, it is possible to acquire multiple repetitions of a battery when
switching between tasks every 35s [47]]. For example, within 15 min of functional scan time, it is possible
to acquire 3 independent runs with a battery size of 8 tasks. While the exact choice of tasks will often
depend on practical considerations, it is imperative to choose an efficient task set that is able to drive the
brain through as many different states as possible. We offer a quantitative approach to optimal battery
design, along with practical recommendations for implementation, in a companion paper [97]]. That paper
also describes a Python library with many pre-implemented tasks, which makes it easy to design and run
such batteries.

Once the data is acquired, it can be used in two ways: First, the time series acquired during task fMRI
can be used in the same way as a resting-state time series to estimate intrinsic network organization and
connectivity structure [20} 58| 64,65, 77 185]]. In contrast to using task data with a single task contrast
[37,1411145], the task-evoked component in a multi-task fMRI design does not have to be removed. Rather
we show that using the entire time series yields superior connectivity models compared to resting-state or
residual data alone.

Additionally, the data can be analyzed with a GLM approach to estimate task activation maps for each
run. The activation profile across these tasks provides an independent way of characterizing the functional
networks. In resting-state data, the correspondence of networks across individuals has to be made by
the spatial location of the networks [45, 98]]. The task-activation profiles now anchor the analysis in an
interpretable way and allow for strong comparison between individuals, allowing researchers to clearly
identify and separate even networks that are spatially highly interdigitated [99, [100]. Furthermore, by
calculating the reliability of task-evoked activation maps across runs, the researcher has an independent
assessment of the reliability of the data, which is not inflated by spatially structured noise.

Of course, in some contexts, resting-state approaches still hold great value for mapping intrinsic
architecture. It is uniquely practical for infants, clinical groups and other populations that cannot perform
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tasks, and provides an important tool for cross-species comparisons [2, 21528, 101} [102]]. Still, when the
goal is to capture behaviorally relevant, generalizable organization, multi-task fMRI appears superior to
rest data alone.

Conclusion

We demonstrate that multi-task fMRI provides better predictions of the task-invariant functional brain
organization than resting-state fMRI. This advantage persists across preprocessing steps and translates
directly to common neuroimaging applications like parcellation and connectivity modeling. While multi-
task fMRI can be challenging when measuring many different tasks, our findings show that task batteries
of 6 or more tasks already start to converge towards a good task-invariant estimate, making multi-task
approaches feasible. These results challenge the assumption that rest provides a privileged window into
task-invariant brain organization. Instead we suggest that the functional organization of the brain is best
assessed by actively driving it through a series of well-controlled and diverse multi-task states.

METHODS

Participants

We used two locally acquired datasets that included multi-task and resting-state fMRI data from the same
subjects for the main analysis. The task sessions of each dataset comprised a broad battery of tasks
tapping into cognitive, motor, perceptual, and social functions: (1) The Multi-Domain Task Battery dataset
(MDTB, N = 17 [47]), (2) a high-resolution Replication dataset (N = 8 [97]]).

All participants gave informed consent under an experimental protocol approved by the institutional
review board at Western University. None of the participants reported a history of neurological or
psychiatric disorders or current use of psychoactive medications. The MDTB data set had 10 female and 7
male individuals (mean age = 24, sem=0.71); the Replication data set had 4 female and 4 male individuals
(mean age=22.63, sem = 0.57).

Finally, we used the task and rest data from the Human Connectome Project (HCP) Unrelated 100
subjects which is publicly available in the HCP S1200 2017 release [75].

Data acquisition

MDTB Dataset

Acquisition parameters for the MDTB dataset have been reported in [47]]. In brief, twenty-four participants
(16 female, mean age = 23.8) were scanned using a 3T Siemens Prisma scanner at the Center for Functional
and Metabolic Mapping at Western University. Task-based fMRI data was acquired during 4 task sessions
using a multi-band EPI sequence (TR = 1s, voxel resolution = 2.5 x 2.5 x 3.0 mm, multi-band acceleration
factor 2, in-plane acceleration factor 3, 598 volumes per run). Resting-state fMRI data was recorded using
the same scanning parameters for seventeen of the participants while they fixated on a white crosshair on
a grey background for 2 runs. In this paper, we only consider data from the seventeen participants with
both task and rest fMRI data.

We conducted five scanning sessions, separated at least by a day. In the first four scanning sessions,
participants performed eight task-based runs each. The first two sessions were conducted using task set A,
and the second two sessions were conducted with task set B. Each task set contained 17 tasks spanning
motor, cognitive, language and social domains. Each task block included a 5-second instruction period
and 30 seconds of performing the task. This resulted in 16 imaging runs of 10 minutes for each task set.
In the fifth session we acquired two 10 min runs of resting-state data.

In this paper we used task set A (or the resting-state scans) as a training set to estimate parcellation or
connectivity models, and task set B as our test set to assess how well these models generalized to a new
set of tasks. We excluded eight tasks (including rest) from the test data, since they were also presented in
task set A. This ensured that we could test the generalization of the models to a fully new set of tasks. A
detailed description of the tasks in each task set after exclusion can be found in Supplementary Table [T
and[2

Replication Dataset

Participants were scanned using a 7T Siemens MAGNETOM MRI Plus scanner at the Center for
Functional and Metabolic Mapping at Western University. Eight runs of task-based fMRI data was
acquired during one task session using a multi-band EPI sequence (TR = 1.1s, voxel resolution = 2.3 mm
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isotropic, 523 volumes per run, multi-band acceleration factor 2, in-plane acceleration factor 3). Seven or
eight runs of resting-state fMRI data of the same length were recorded using the same scanning parameters
while they fixated on a white crosshair on a grey background. Task and rest scanning acquisition took
place on a different day. A structural T1-weighted MRI scan was acquired at the beginning of the task
session using a magnetisation prepared rapid acquisition gradient echo (MPRAGE) sequence (TR = 2200
ms, voxel resolution = 0.7 mm isotropic). For four subjects, the scanning parameters of the task session
differed slightly from the rest (TR = 1.3s, volumes = 443).

During the task session, participants performed 16 tasks during eight 10-minute imaging runs. Each
task was performed once during each run, with task order randomized across subjects and runs. Within
each run, after a 5-second instruction period, participants performed the task for 30 seconds. For a detailed
description of the tasks, see Supplementary table [3|[97].

HCP Dataset

Data acquisition parameters for the HCP datasets can be found in Van Essen et al. [75]. We used the
minimally preprocessed 3T task-fMRI data from the HCP 1200 subjects 2017 release [[75], selecting 50
of the 100 unrelated-subjects group (25 female, 25 male, mean age estimated based on age ranges = 29.7).
The task data included two imaging runs for each of seven task sessions (working memory, gambling,
motor,language, social, relational and emotion), where each of the imaging runs was 2.5-5 minutes long.
The rest data included four imaging runs of 15 minutes each.

Functional Data preprocessing

Both task-based and resting-state functional data was preprocessed as described in Zhi et al. [77].
Preprocessing steps included correction for spatial distortions, motion correction and spatial coregistration
to the individual anatomical [103]]. No smoothing or group normalization was applied at this stage. For the
HCP resting-state data, cleaning was already applied by default. Using a unified code framework (available
atlgithub.com/diedrichsenlab/Functional_Fusion), the data were then extracted in two
atlas spaces. For the neocortex, we reconstructed the individual white-matter-to-gray-matter surface,
as well as the pial surface using the recon-all pipeline of the freesurfer package [[104, [105]. These
individual surfaces were aligned and resampled to the symmetric freesurfer32k template [[106]]. Functional
data were projected onto the individual surface by averaging the values of voxels lying between the
gray and white matter surfaces for each surface vertex. For the cerebellum, we computed the non-
linear morph into a cerebellar-only version of the Symmetric MNI152NLin2009aSym template (http:
//nist.mni.mcgill.ca/?p=904). The morph was computed using the SUIT toolbox [[107]. The
functional data were resampled to a group space of 5446 cerebellar gray-matter voxels with an isotropic
resolution of 3mm. During this step, we only considered voxels within the individual cerebellar mask,
taking care to exclude any signals from the directly abutting neocortical regions.

Data types
Starting from the minimally preprocessed time series data, we then compared different ways of filtering,
processing, or summarizing these data.

Raw Time series. After minimal pre-processing, we calculated covariance matrices based on the
resultant functional time series data from either resting-state or the multi-task paradigms.

Cleaned time series. We used a single-subject independent component analysis (ICA), implemented in
MELODIC (Multivariate Exploratory Linear Optimized Decomposition into Independent Components)
and the automated classifier FIX [67H69] to remove structured noise from functional data of the resting-
state or task data. Because existing labeled training datasets differed substantially in their study population
and acquisition parameters from our data, we created our own training set by manually classifying a subset
of runs [67H69]]. We selected 17 of the 34 rest runs and 50 of the 272 task runs in the MDTB dataset
for hand classification. The cleaned time series were then used as input data to calculate the covariance
matrix.

Connectivity fingerprint. Starting from the cleaned time series, we conducted an additional processing
step that has been shown to be potentially beneficial for subsequent network analysis [[70,[71]. To obtain
functional connectivity fingerprints from the time series data, we used previously estimated connectivity
weight maps [64], consisting of 32 neocortical networks. We then regressed the 32 group network spatial
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maps into each subject’s data, resulting in 32 subject-specific network time courses. The connectivity
fingerprints were calculated as Pearson’s correlations of each voxel time series with each cortical network
time course. Covariance matrices (and subsequent parcellation and connectivity models) were then
calculated using these 32-dimensional connectivity vectors as input data.

Task activation estimates. To estimate task-evoked activation, we used a general linear model (GLM)
implemented in SPM [108]]. The GLM was fitted to the time series of each voxel separately for each
imaging run. We omitted the standard high-pass filtering and instead relied on SPM’s high-dimensional
autocorrelation model (FAST) during GLM estimation for temporal filtering, a step that we found to
result in more reliable activation estimates across runs [47]. The 5-s instruction phase was modeled with a
single regressor but excluded from subsequent analyses. Each task block was modeled with a 30-s boxcar
regressor, or with multiple regressors when task blocks contained sub-conditions. Rest was modelled
explicitly like all the other tasks. Finally, we subtracted the mean across all task conditions from each
of the activation maps, such that all activation estimates were relative to the mean across all tasks. The
resultant beta coefficients were univariately pre-whitened by dividing them by the square root of the
residual mean-square image, yielding normalized activation estimates for each voxel.

For the HCP task data, a GLM was fitted to the time series of each voxel for each imaging run and
session using the FEAT design files provided with the HCP 1200 subjects data 2017 release. As for the
other data sets, no spatial smoothing was applied.

Task residuals. We derived the residual time series from the task-based data by multiplying the
task contrast images with the temporally pre-whitened design matrix (using SPMs high-dimensional
autocorrelation model) and subtracting it from the temporally pre-whitened time series.

Task Battery sampling

To simulate the effect of different task battery sizes on covariance matrix estimation, we created task
batteries consisting of 2, 3, 6, 10, 13, or 17 tasks by randomly sampling from the available 17 tasks.
To keep the amount of scan time used for each battery the same, we targeted 20 minutes of data for
calculating each covariance matrix. Since each task block lasted 30 seconds (0.5 min), we calculated the
number of runs needed as the floor of 20min/ (ngpsks X 0.5min) . This resulted in using 2 runs for 17-task
batteries (17 min data), 3 runs for 13-task batteries (19.5 min), 4 runs for 10-task batteries (20 min), 6
runs for 6-task batteries (18 min), 13 runs for 3-task batteries (19.5 min), and 16 runs for 2-task batteries
(16 min). The amount of data used for each covariance matrix type was therefore matched as closely
as possible given the available data and the constraint that each task block was 30 seconds. For each
combination of n tasks, we used 30 random task combinations for each subject, resulting in 30 2-task
combinations, 30 3-task combinations, and so on.

Covariance matrices

The spatial (voxel-by-voxel or parcel-by-parcel) covariance matrix is a critical intermediate quantity in
many imaging analyses. Most subsequent parcellation [[10} 11} 150} [51]], gradient [52} 53], and connectivity
analyses [39,157H61] are (implicitly or explicitly) based on this quantity. When it is calculated the original
underlying timeseries or activation patterns are no longer required. Thus, the covariance matrix contains
all the critical information for these subsequent analyses (i.e. it is a sufficient statistic [63]]), and therefore
provides an ideal point at which different pre-processing steps can be compared.

For the neocortex, we used a parcellation of each hemisphere into 1442 regular icosahedron parcels.
Excluding all parcels that were located within the medial wall, this resulted in 2686 parcels for the
entire cortical surface. We then calculated a parcel-by-parcel covariance matrix. For the cerebellum, we
calculated a voxel-by-voxel covariance matrix in MNISymC3 space with 5546 voxels. We also calculated
a cortico-cerebellar covariance matrix (5546 x 2686, representing the covariance between neocortical
parcels and cerebellar voxels.

The covariance matrices were computed from time series data (including residual time series),
connectivity fingerprints calculated on that time series data, or from task activation estimates (see above).
The covariance matrices were calculated as C = ﬁXTX, where X is the mean-centered data matrix of
shape (n x p), with n being the number of observations (conditions or time points) and p being the number
of parcels or voxels. Mean-centering was performed separately for each run to remove run-specific
baseline effects.
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Split-half reliability

We quantified the reliability of covariance matrices based on different data types within subjects by
splitting the data into two halves (10 minutes of scan time, a single run), and calculating covariance
matrices separately on each half. As a measure of reliability, we then computed the Pearson correlation
between the vectorized covariance matrices. We calculated the split-half reliability for each subject and
brain structure separately, averaging across voxels to obtain a single reliability measure per subject and
data type.

Cross-tentorial correlation ratio
We quantified the correlations between the most superior cerebellar voxels with abutting neocortical
voxels and non-abutting voxels in MNI space to obtain a measure of noise influence on the data. For this,
we obtained a mask of the neocortical voxels abutting the cerebellum by dilating the cerebellar mask from
the SUIT pipeline [[109] by 10 mm. We then projected the voxels that intersected with neocortical grey
matter (see red voxels in Figure fa) onto the fs32k neocortical surface via each subject’s reconstructed
pial and white matter surface. We obtained a mask of the superior cerebellar voxels abutting the neocortex
by dilating a cerebral mask of the MNI152NLin6Asym wholebrain template by 10 mm and resampling
the dilated voxels that intersected with cerebellar grey matter to MNISymC3 space (see blue voxels in
Figure dh).

We then calculated the normalized ratio between superior cerebellar and adjacent neocortical voxel
correlations and superior cerebellar voxels and the rest of the neocortex as

’non-adjacent — "adjacent

Tdiff =
Tnon-adjacent | + |r adjacent |

Given the extensive cortico-cerebellar connectivity, especially with more dorsal cortical regions [65]
74], non-abutting voxels are expected to exhibit stronger functional connectivity than abutting voxels.
Therefore, we would expect on average positive values of rgi¢; smaller or more negative values would
indicate an influence of measurement noise.

Dependence on task set

To examine the dependence of covariance matrices on the specific choice of tasks, we calculated the
similarity between different randomly sampled task batteries of the same size. For each task battery size
(2, 3, 6, 10, 13, or 17 tasks), we computed pairwise correlations between all covariance matrices derived
from the 30 different task combinations. For the 17 task battery the tasks were always the same, but the
estimates relied on estimates from separate runs. For each subject and task battery size, we averaged
across all pairwise comparisons to obtain a single measure, which quantifies how similar different random
task batteries of the same size are to each other.

Generalization to novel task set

To evaluate how well covariance matrices derived from different data types generalize to novel task states,
we calculated the similarity between each data type’s covariance matrix and a benchmark covariance
matrix from the same individual. For the MDTB dataset, the benchmark was a covariance matrix derived
from 18 unique task conditions acquired in a separate session that were not included in the training data
set (see Supplemental table 1,2). The estimate for the unique task conditions was based on data from all
16 runs, effectively using 144 minutes of functional imaging data).

To approximate how similar the covariance matrices derived from the training set and benchmark data
should be if they were truly identical, we correlated the covariance matrices estimated on the activation
estimates from 14 runs of the test set with a covariance matrix estimated on the activation estimates from
2 (non-overlapping) runs of the test set. This provides a noise ceiling for interpreting the similarity values,
as the similarity is limited by the measurement reliability.

For the HCP dataset, we used a leave-one-task-out approach where the benchmark was a covariance
matrix derived from two runs of the task dataset (working memory, gambling, motor, language, social
cognition, relational processing, or emotion processing). We estimated the task-activations for each task
condition in these runs including the resting baseline. The estimates were then mean-subtracted across
conditions in each run and concatenated before spatial covariance estimation.
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Similarity space of covariance matrices

To understand the overall structure of similarity and differences of estimated covariance matrices, we
calculated Pearson correlation of covariance matrices, using the different task combinations (see above),
the different data types (task and rest time series), as well as the independent task session covariance
matrix. The correlation matrix of covariance matrices was then averaged across individuals. To visualize
the similarity space, we performed classical multidimensional scaling (MDS) on the mean correlation
matrix. Each task battery combination and task type was represented as a point in the resulting low-
dimensional space, allowing us to visualize how different sized task batteries cluster based on their
similarity, and how they systematically differ from those based on time series data.

Correlation matrices

While many models rely on the covariance matrix as a sufficient statistic, an alternative choice would
have been to look at the spatial correlation matrices instead. Correlation matrices can be derived from the
covariance matrices by dividing each row and column by the standard deviation for that voxel or parcel.
This normalization removes the influence of variance differences between parcels or voxels, focusing
solely on the pattern of co-variation.

We calculated neocortical, cerebellar, and cortico-cerebellar correlation matrices for all data types
and repeated all analyses—including split-half reliability, cross-tentorial correlation ratios, task battery
similarity, generalization to novel task sets, parcellation, and connectivity modeling—using correlation
matrices instead of covariance matrices.

Parcellations

We derived individual functional parcellations for the multi-task and resting-state data using a two-step
approach. Starting from the group atlas for the cerebellum [64]] or the neocortex [[11], we estimated the
individual average time series, connectivity fingerprint, or task activation profile (depending on data type)
for each of the parcels, resulting in the average profile v; for each of the k parcels. This was done by
fitting a von-Mises-Fisher mixture model to the data of each subject separately using the group atlas as a
prior, as described in the hierarchical Bayesian parcellation framework [[77]. In the second step, we then
correlated the data from each voxel or vertex with each of the averaged profiles from each parcel and
assigned the brain location to the one with the highest correlation.

While the hierarchical Bayesian parcellation framework [77] can leverage the advantage of task-
activation data by estimating the regional response profiles for an entire group of subjects, we performed
the parcellation here individually to ensure a fair comparison with the resting-state data, where the time
series for each region will differ across individuals. We also did not apply the spatial group prior in the
second step, but assigned the parcels based in the individual data only (given the v;). While the Bayesian
integration with a group map has been shown to improve individual parcellations [64 [77], we wanted to
evaluate the quality of the individual data types without the biasing influence of a group prior.

Evaluation

To assess how well a given parcellation can predict functional boundaries in the cerebellum, we utilized
the Distance-Controlled Boundary Coefficient (DCBC) [80]. This metric compares correlations for
within-parcel voxel pairs to between-parcel voxel pairs, while accounting for their spatial distance. A
higher DCBC value indicates better performance of the parcellation. In contrast to other evaluation
metrics (homogeneity or silhouette coefficients), random, but spatially smooth, parcellations have an
average DCBC value of zero. The DCBC was calculated using the hard (winner-take-all) individual
parcellation to predict the functional boundaries in held-out data of the same individual.

Connectivity modeling
To examine the connectivity from neocortex to cerebellum we used an L2-regularized regression (Ridge
regression) model [[65]. Each model was trained and evaluated on individual subjects separately.

The neocortical data were averaged with regular Icosahedron parcels (see covariance matrix), resulting
in a N x 2686 matrix X; (neocortical activation of subject ). For the cerebellum we used all voxels in our
template resulting in the N x 5446 matrix Y; (cerebellar activation of subject ;). Using ridge regression,
we then estimated the matrix of connectivity weights:

W,’ = (X,TX, + aIp)71X?Y[
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As can be seen from this equation, the connectivity model is based on the sufficient statistics of the neocor-
tical (XiTX,-) and cortical-cerebellar (X,-TYi) covariance matrices. We used a wide range of regularization
coefficients log(a) = {2, ..., 14} for each datatype.

Evaluation

All models were evaluated on the task activation estimates for the unique tasks from Task set B of the
MDTB dataset. For each model, the regularization term that led to best performance across participants
was chosen. Using the connectivity weights from the training set (W) and the neocortical data from test
set (Xest), the cerebellar data from the test set (Yest) were predicted using ?lest = XtestVAV. The correlation
of Yiegt and ?test was reported as the evaluation metric.

To prevent the model evaluation being biased by spatially structured measurement noise, the activation
estimates of the test data were estimated on each half (8 runs) of the data separately. The cerebellar
data from the second half was then predicted using the cortical data from the first half, and vice versa.
Reported evaluation results are averaged across the two halves.

Statistical analysis

Means are reported + the standard error of the mean across individuals. Unless otherwise noted, we report
paired t-tests, treating individuals as the random effect. We always report exact uncorrected p-values in
the text, but note if these do not pass a Bonferroni-corrected threshold, adjusted for the number of tested
data types, if appropriate.

1 DATA AVAILABILITY

The raw task and rest fMRI data of the MDTB has been deposited in the openneuro database under acces-
sion code ds002105 [doi:10.18112/openneuro.ds002105.v1.1.0]. For the HCP dataset, raw and prepro-
cessed data is available at ht tps: //www.humanconnectome.org/study/hcp—-young—adult/
data-releases. The replication dataset has not yet been openly released.

2 CODE AVAILABILITY

The code for generating the results and figures in this paper is publicly available as the GitHub reposi-
tory https://github.com/carobellum/RestMultitask.git. The code for the hierarchi-
cal Bayesian parcellation framework is available at https://github.com/DiedrichsenLab/
HierarchBayesParcel, The organization, file system, and code for managing the diverse set
of datasets is available at https://github.com/DiedrichsenLab/Functional_Fusion.
The code for connectivity modelling is available at https://github.com/DiedrichsenLab/
cortico_cereb_connectivity. The Python toolbox for running multi-domain task batteries,
along with an implementation of most of the tasks used in the current batteries is openly available at
https://github.com/diedrichsenlab/MultiTaskBattery.git.


https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://github.com/carobellum/RestMultitask.git
https://github.com/DiedrichsenLab/HierarchBayesParcel
https://github.com/DiedrichsenLab/HierarchBayesParcel
https://github.com/DiedrichsenLab/Functional_Fusion
https://github.com/DiedrichsenLab/cortico_cereb_connectivity
https://github.com/DiedrichsenLab/cortico_cereb_connectivity
https://github.com/diedrichsenlab/MultiTaskBattery.git
https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

REFERENCES

[1]

[2

—

[31

[4]

[51

[6

—

[7

—

[8

—

[91
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]
[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Biswal, B., Zerrin Yetkin, F., Haughton, V. M. & Hyde, J. S. Functional connectivity in the motor
cortex of resting human brain using echo-planar mri. Magnetic Resonance in Medicine (1995).
Biswal, B. B. & Uddin, L. Q. The history and future of resting-state functional magnetic resonance
imaging. Nature 641, 1121-1131 (2025).

Fox, M. D. & Raichle, M. E. Spontaneous fluctuations in brain activity observed with functional
magnetic resonance imaging (2007).

Snyder, A. Z. & Raichle, M. E. A brief history of the resting state: The Washington University
perspective (2012).

Buckner, R. L., Andrews-Hanna, J. R. & Schacter, D. L. The brain’s default network: Anatomy,
function, and relevance to disease (2008).

Raichle, M. E. et al. A default mode of brain function. Proceedings of the National Academy of
Sciences of the United States of America (2001).

Greicius, M. D., Krasnow, B., Reiss, A. L. & Menon, V. Functional connectivity in the resting
brain: A network analysis of the default mode hypothesis. Proceedings of the National Academy of
Sciences of the United States of America (2003).

Smith, S. M. et al. Correspondence of the brain’s functional architecture during activation and rest.
Proceedings of the National Academy of Sciences of the United States of America (2009).

Power, J. D. et al. Functional network organization of the human brain. Neuron 72, 665-678 (2011).
Yeo, B. T. et al. The organization of the human cerebral cortex estimated by intrinsic functional
connectivity. Journal of neurophysiology 106, 1125-1165 (2011).

Glasser, M. F. et al. A multi-modal parcellation of human cerebral cortex. Nature 536, 171-178
(2016).

Damoiseaux, J. S. et al. Consistent resting-state networks across healthy subjects. Proceedings of
the National Academy of Sciences of the United States of America (2006).

van den Heuvel, M. P. & Hulshoff Pol, H. E. Exploring the brain network: A review on resting-state
fMRI functional connectivity (2010).

Xue, A. et al. The detailed organization of the human cerebellum estimated by intrinsic functional
connectivity within the individual. J. Neurophysiol. 125, 358-384 (2021).

Braga, R. M. & Buckner, R. L. Parallel interdigitated distributed networks within the individual
estimated by intrinsic functional connectivity. Neuron 95, 457-471.e5 (2017).

Laumann, T. O. ef al. Functional system and areal organization of a highly sampled individual
human brain. Neuron 87, 657-670 (2015).

Gordon, E. M. et al. Individual-specific features of brain systems identified with resting state
functional correlations. Neuroimage 146, 918-939 (2017).

Dosenbach, N. U. et al. Prediction of individual brain maturity using fMRI. Science (2010).

Finn, E. S. et al. Functional connectome fingerprinting: Identifying individuals using patterns of
brain connectivity. Nature Neuroscience (2015).

Aggarwal, H. et al. Subject fingerprinting and task classification rely on distinct functional connec-
tivity features. Brain Structure and Function (2026).

Greicius, M. D., Srivastava, G., Reiss, A. L. & Menon, V. Default-mode network activity distin-
guishes Alzheimer’s disease from healthy aging: Evidence from functional MRI. Proceedings of the
National Academy of Sciences of the United States of America (2004).

Whitfield-Gabrieli, S. et al. Hyperactivity and hyperconnectivity of the default network in schizophre-
nia and in first-degree relatives of persons with schizophrenia. Proceedings of the National Academy
of Sciences of the United States of America (2009).

Whitfield-Gabrieli, S. & Ford, J. M. Default mode network activity and connectivity in psychopathol-
ogy (2012).

Fox, M. D. & Greicius, M. Clinical applications of resting state functional connectivity (2010).
Fox, M. D. et al. Resting-state networks link invasive and noninvasive brain stimulation across
diverse psychiatric and neurological diseases. Proceedings of the National Academy of Sciences of
the United States of America (2014).

Miller, K. L. e al. Multimodal population brain imaging in the uk biobank prospective epidemiolog-
ical study. Nature neuroscience 19, 1523-1536 (2016).

Nettekoven, C. et al. Cerebellar GABA Change during Visuomotor Adaptation Relates to Adaptation

2032


https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

available under aCC-BY 4.0 International license.

Performance and Cerebellar Network Connectivity: A Magnetic Resonance Spectroscopic Imaging
Study. The Journal of Neuroscience 42, IN-RM-0096-22 (2022).

Nettekoven, C. et al. First application of a novel brain template: Motor training improves cortico-
cerebellar connectivity in cerebellar ataxia. The Journal of Neuroscience 45, 1823242025 (2025).
Murphy, K., Birn, R. M. & Bandettini, P. A. Resting-state fMRI confounds and cleanup. Neurolmage
(2013).

Cole, D. M., Smith, S. M. & Beckmann, C. F. Advances and pitfalls in the analysis and interpretation
of resting-state FMRI data (2010).

Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L. & Petersen, S. E. Spurious but systematic
correlations in functional connectivity MRI networks arise from subject motion. Neurolmage (2012).
Power, J. D. et al. Methods to detect, characterize, and remove motion artifact in resting state fMRI.
Neurolmage 84, 320-341 (2014). URL http://dx.doi.org/10.1016/j.neuroimage.
2013.08.048.

Chen, G. ef al. Resting-state fMRI and the risk of overinterpretation: Noise, mechanisms, and a
missing rosetta stone. bioRxiv (2025).

Reid, A. T. et al. Advancing functional connectivity research from association to causation. Nat.
Neurosci. 22, 1751-1760 (2019).

Xiang, J. D., Martinez-Trujillo, J. C., Schmitz, T. W. & Mur, M. Toward task mapping of primate
prefrontal cortex. Neuropsychologia (2025).

Xiang, J. D. et al. Task-specific topographic maps of neural activity in the primate lateral prefrontal
cortex. bioRxiv (2025). URL https://www.biorxiv.org/content/early/2025/07/
15/2024.05.10.591729. https://www.bilorxiv.org/content/early/2025/
07/15/2024.05.10.591729.full.pdf.

Cole, M. W., Bassett, D. S., Power, J. D., Braver, T. S. & Petersen, S. E. Intrinsic and task-evoked
network architectures of the human brain. Neuron 83, 238-251 (2014).

Cole, M. W. et al. Task activations produce spurious but systematic inflation of task functional
connectivity estimates. Neurolmage (2019).

Buckner, R. L., Krienen, F. M. & Yeo, B. T. Opportunities and limitations of intrinsic functional
connectivity mri. Nature neuroscience 16, 832—-837 (2013).

Hutchison, R. M. ef al. Dynamic functional connectivity: Promise, issues, and interpretations.
Neurolmage (2013).

Fair, D. A. et al. A method for using blocked and event-related fMRI data to study “resting state”
functional connectivity. Neurolmage (2007).

Al-Aidroos, N., Said, C. P. & Turk-Browne, N. B. Top-down attention switches coupling between
low-level and high-level areas of human visual cortex. Proceedings of the National Academy of
Sciences of the United States of America (2012).

Norman-Haignere, S. V., McCarthy, G., Chun, M. M. & Turk-Browne, N. B. Category-selective
background connectivity in ventral visual cortex. Cerebral Cortex (2012).

Duncan, K., Tompary, A. & Davachi, L. Associative encoding and retrieval are predicted by
functional connectivity in distinct hippocampal area CA1 pathways. Journal of Neuroscience (2014).
Gratton, C. et al. Functional Brain Networks Are Dominated by Stable Group and Individual Factors,
Not Cognitive or Daily Variation. Neuron (2018).

Cooper, R. A. & Ritchey, M. Cortico-hippocampal network connections support the multidimen-
sional quality of episodic memory. eLife (2019).

King, M., Hernandez-Castillo, C. R., Poldrack, R. A., Ivry, R. B. & Diedrichsen, J. Functional
boundaries in the human cerebellum revealed by a multi-domain task battery. Nature Neuroscience
22, 1371-1378 (2019). URL |http://dx.doi.org/10.1038/s41593-019-0436-x.
Nakai, T. & Nishimoto, S. Quantitative models reveal the organization of diverse cognitive functions
in the brain. Nature communications 11, 1-12 (2020).

Pinho, A. L. et al. Individual brain charting, a high-resolution fmri dataset for cognitive mapping.
Scientific data S, 1-15 (2018).

Craddock, R. C., James, G. A., Holtzheimer, P. E., Hu, X. P. & Mayberg, H. S. A whole brain fMRI
atlas generated via spatially constrained spectral clustering. Human Brain Mapping (2012).

Kong, R. et al. Individual-specific areal-level parcellations improve functional connectivity predic-
tion of behavior. Cerebral Cortex 31, 4477-4500 (2021).

2132


http://dx.doi.org/10.1016/j.neuroimage.2013.08.048
http://dx.doi.org/10.1016/j.neuroimage.2013.08.048
https://www.biorxiv.org/content/early/2025/07/15/2024.05.10.591729
https://www.biorxiv.org/content/early/2025/07/15/2024.05.10.591729
https://www.biorxiv.org/content/early/2025/07/15/2024.05.10.591729.full.pdf
https://www.biorxiv.org/content/early/2025/07/15/2024.05.10.591729.full.pdf
http://dx.doi.org/10.1038/s41593-019-0436-x
https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

[52]

[53]

[54]

[55]

[56]

[57]
[58]

[59]

[60]

[61]
[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

available under aCC-BY 4.0 International license.

Margulies, D. S. et al. Situating the default-mode network along a principal gradient of macroscale
cortical organization. Proceedings of the National Academy of Sciences of the United States of
America (2016).

Guell, X., Schmahmann, J. D., Gabrieli, J. D. & Ghosh, S. S. Functional gradients of the cerebellum.
Elife 7, €36652 (2018).

Haak, K. V., Marquand, A. F. & Beckmann, C. F. Connectopic mapping with resting-state fmri.
Neurolmage 170, 83-94 (2018).

Blazquez Freches, G. et al. Principles of temporal association cortex organisation as revealed by
connectivity gradients. Brain Structure and Function 225, 1245-1260 (2020).

Marquand, A. F., Haak, K. V. & Beckmann, C. F. Functional corticostriatal connection topographies
predict goal directed behaviour in humans. Nature Human Behaviour 1, 0146 (2017).

Friston, K. J. Functional and Effective Connectivity: A Review. Brain Connectivity (2011).
Smith, S. M. et al. Resting-state fMRI in the Human Connectome Project. Neurolmage 80, 144—168
(2013).

Cole, M. W,, Ito, T., Bassett, D. S. & Schultz, D. H. Activity flow over resting-state networks shapes
cognitive task activations. Nature Neuroscience (2016).

Bullmore, E. & Sporns, O. Complex brain networks: Graph theoretical analysis of structural and
functional systems (2009).

Bassett, D. S. & Sporns, O. Network neuroscience (2017).

Ito, T. et al. Cognitive task information is transferred between brain regions via resting-state network
topology. Nature Communications (2017).

Fisher, R. A. On the mathematical foundations of theoretical statistics. Philos. Trans. R. Soc. Lond.
222,309-368 (1922).

Nettekoven, C. et al. A hierarchical atlas of the human cerebellum for functional precision mapping.
Nature Communications 15, 8376 (2024).

King, M., Shahshahani, L., Ivry, R. B. & Diedrichsen, J. A task-general connectivity model reveals
variation in convergence of cortical inputs to functional regions of the cerebellum. eLife 12 (2023).
Beckmann, C. F., DeLuca, M., Devlin, J. T. & Smith, S. M. Investigations into resting-state
connectivity using independent component analysis. Philosophical Transactions of the Royal Society
B: Biological Sciences (2005).

Salimi-Khorshidi, G. et al. Automatic denoising of functional MRI data: Combining independent
component analysis and hierarchical fusion of classifiers. Neurolmage 90, 449-468 (2014). URL
http://dx.doi.org/10.1016/7j.neuroimage.2013.11.046.

Griffanti, L. ef al. ICA-based artefact removal and accelerated fMRI acquisition for improved resting
state network imaging. Neurolmage 95, 232-247 (2014).

Griffanti, L. ef al. Hand classification of fMRI ICA noise components. Neurolmage 154, 188-205
(2017).

Passingham, R. E., Stephan, K. E. & Kotter, R. The anatomical basis of functional localization in
the cortex (2002).

Mars, R. B., Passingham, R. E. & Jbabdi, S. Connectivity Fingerprints: From Areal Descriptions to
Abstract Spaces (2018). URL https://doi.org/10.1016/3.tics.2018.08.009.
Lydon-Staley, D. M., Ciric, R., Satterthwaite, T. D. & Bassett, D. S. Evaluation of confound
regression strategies for the mitigation of micromovement artifact in studies of dynamic resting-state
functional connectivity and multilayer network modularity. Network Neuroscience (2019).

Strick, P. L., Dum, R. P. & Fiez, J. A. Cerebellum and nonmotor function. Annu. Rev. Neurosci. 32,
413-434 (2009).

Buckner, R. L., Krienen, F. M., Castellanos, A., Diaz, J. C. & Yeo, B. T. The organization of the
human cerebellum estimated by intrinsic functional connectivity. Journal of neurophysiology 106,
2322-2345 (2011).

Van Essen, D. C. et al. The WU-Minn human connectome project: an overview. Neuroimage 80,
62-79 (2013).

Barch, D. M. et al. Function in the human connectome: task-fMRI and individual differences in
behavior. Neuroimage 80, 169—189 (2013).

Zhi, D. et al. A hierarchical bayesian brain parcellation framework for fusion of functional imaging
datasets. bioRxiv (2023). https://www.biorxiv.org/content/early/2023/05/24/

22/32|


http://dx.doi.org/10.1016/j.neuroimage.2013.11.046
https://doi.org/10.1016/j.tics.2018.08.009
https://www.biorxiv.org/content/early/2023/05/24/2023.05.24.542121.full.pdf
https://www.biorxiv.org/content/early/2023/05/24/2023.05.24.542121.full.pdf
https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]
[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]
[95]

[96]

[971

[98]

[99]

[100]

[101]

[102]

[103]

[104]

available under aCC-BY 4.0 International license.

2023.05.24.542121.full.pdf.

Marek, S. et al. Spatial and Temporal Organization of the Individual Human Cerebellum. Neuron
100, 977-993.e7 (2018).

Donahue, C. J., Glasser, M. F., Preuss, T. M., Rilling, J. K. & Van Essen, D. C. Quantitative
assessment of prefrontal cortex in humans relative to nonhuman primates. Proceedings of the
National Academy of Sciences of the United States of America (2018).

Zhi, D., King, M., Hernandez-Castillo, C. R. & Diedrichsen, J. Evaluating brain parcellations using
the distance-controlled boundary coefficient. Human Brain Mapping 43, 3706-3720 (2022).
Shahshahani, L., King, M., Nettekoven, C., Ivry, R. & Diedrichsen, J. Selective recruitment:
Evidence for task-dependent gating of inputs to the cerebellum. bioRxiv 2023-01 (2023).

Zuo, X. N. et al. Reliable intrinsic connectivity networks: Test-retest evaluation using ICA and dual
regression approach. Neurolmage (2010).

Birn, R. M. et al. The effect of scan length on the reliability of resting-state fMRI connectivity
estimates. Neurolmage (2013).

Noble, S., Scheinost, D. & Constable, R. T. A decade of test-retest reliability of functional
connectivity: A systematic review and meta-analysis. Neurolmage (2019).

Du, J. et al. Within-individual precision mapping of brain networks exclusively using task data.
Neuron (2025).

Uddin, L. Q. Bring the Noise: Reconceptualizing Spontaneous Neural Activity (2020).

Vincent, J. L. ef al. Intrinsic functional architecture in the anaesthetized monkey brain. Nature
(2007).

Deco, G., Jirsa, V. K. & Mclntosh, A. R. Resting brains never rest: Computational insights into
potential cognitive architectures (2013).

Tavor, 1. et al. Task-free MRI predicts individual differences in brain activity during task performance.
Science 352, 216-220 (2016).

Greene, A. S., Gao, S., Scheinost, D. & Constable, R. T. Task-induced brain state manipulation
improves prediction of individual traits. Nature Communications (2018).

Makowski, C. et al. Leveraging the adolescent brain cognitive development study to improve
behavioral prediction from neuroimaging in smaller replication samples. Cerebral Cortex (2024).
Spisak, T., Bingel, U. & Wager, T. D. Multivariate BWAS can be replicable with moderate sample
sizes (2023).

Cao, H. et al. Cross-paradigm connectivity: reliability, stability, and utility. Brain Imaging and
Behavior (2021).

Finn, E. S. Is it time to put rest to rest? (2021).

Poldrack, R. A., Huckins, G. & Varoquaux, G. Establishment of Best Practices for Evidence for
Prediction: A Review (2020).

Marek, S. et al. Reproducible brain-wide association studies require thousands of individuals. Nature
(2022).

Arafat, B., Nettekoven, C. & Diedrichsen, J. Multi-task batteries for individualized functional brain
mapping. Manuscript in preparation (2026).

Kong, R. et al. A network correspondence toolbox for quantitative evaluation of novel neuroimaging
results. Nat. Commun. 16, 2930 (2025).

DiNicola, L. M., Braga, R. M. & Buckner, R. L. Parallel distributed networks dissociate episodic
and social functions within the individual. Journal of Neurophysiology 123, 1144-1179 (2020).
Gordon, E. M. et al. Generation and evaluation of a cortical area parcellation from resting-state
correlations. Cerebral cortex 26, 288-303 (2016).

Mars, R. B. ef al. Connectivity profiles reveal the relationship between brain areas for social
cognition in human and monkey temporoparietal cortex. Proceedings of the National Academy of
Sciences of the United States of America 110, 10806—10811 (2013).

Mars, R. B. et al. Whole brain comparative anatomy using connectivity blueprints. eLife 7, €35237
(2018).

Glasser, M. F. et al. The minimal preprocessing pipelines for the human connectome project.
Neurolmage 80, 105-124 (2013).

Fischl, B. et al. Automatically parcellating the human cerebral cortex. Cerebral cortex 14, 11-22
(2004).

23[32]


https://www.biorxiv.org/content/early/2023/05/24/2023.05.24.542121.full.pdf
https://www.biorxiv.org/content/early/2023/05/24/2023.05.24.542121.full.pdf
https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.09.710558; this version posted March 10, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

(1051 Eischl, B. Freesurfer. Neuroimage 62, 774-781 (2012).

(1061 Egsen, D. C. V., Glasser, M. E, Dierker, D. L., Harwell, J. & Coalson, T. Parcellations and
hemispheric asymmetries of human cerebral cortex analyzed on surface-based atlases. Cerebral
cortex (New York, N.Y. : 1991) 22, 2241-2262 (2012).

[107] Diedrichsen, J. A spatially unbiased atlas template of the human cerebellum. Neuroimage 33,
127-138 (20006).

[108] Wellcome Department of Imaging Neuroscience. SPM12. https://www.fil.ion.ucl.ac.
uk/spm/|(2014). Statistical Parametric Mapping software.

1091 Djedrichsen, J., Balsters, J. H. H., Flavell, J., Cussans, E. & Ramnani, N. A probabilistic MR atlas
of the human cerebellum. Neuroimage 46, 39-46 (2009).

(101 Seott, T, L., Gallée, J. & Fedorenko, E. A new fun and robust version of an fMRI localizer for the
frontotemporal language system. Cogn. Neurosci. 8, 167-176 (2017).

(1] Fedorenko, E., Hsieh, P. J., Nieto-Castafién, A., Whitfield-Gabrieli, S. & Kanwisher, N. New method
for fMRI investigations of language: Defining ROIs functionally in individual subjects. Journal of
Neurophysiology (2010).

(1121 Fedorenko, E., Duncan, J. & Kanwisher, N. Broad domain generality in focal regions of frontal and
parietal cortex. Proc. Natl. Acad. Sci. U. S. A. 110, 16616-16621 (2013).

ACKNOWLEDGMENTS

This work was supported by a Discovery Grant from the Natural Sciences and Engineering Research
Council of Canada (NSERC, RGPIN-2016-04890), and a project grant from the Canadian Institutes
of Health Research (CIHR, PJT-191815), both to J.D. Additional funding came from the Canada First
Research Excellence Fund (BrainsCAN) to Western University. C.R.N. was supported by a Wellcome
Trust Early Career Award (306553/Z/23/Z) and a Junior Research Fellowship Grant from Linacre College,
University of Oxford.

AUTHOR CONTRIBUTIONS

C.N. and J.D. conceived the study, J.D. guided the study design, C.N., B.A. and M.S. collected the
data, J.D. guided the analysis, J.X. and A.L.P. provided data analysis tools, C.N. and A.S. performed the
analysis, C.N. and J.D. wrote the manuscript, all authors reviewed and approved the manuscript.

COMPETING INTERESTS

The authors declare no competing interests.

24/32|


https://www.fil.ion.ucl.ac.uk/spm/
https://www.fil.ion.ucl.ac.uk/spm/
https://doi.org/10.64898/2026.03.09.710558
http://creativecommons.org/licenses/by/4.0/

	Data availability
	Code availability
	References

