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group atlas, but also allows the user to obtain an optimal 
estimate of brain organization for new individuals.

4.1.  Learning functional brain parcellations across 
datasets

While most of the current brain parcellations are gener-
ated using functional resting-state fMRI data, a number 
of studies (Cole et al., 2014; King et al., 2019) suggest 
that boundaries derived using resting-state data can dif-
fer systematically from those measured during task per-
formance. One possible interpretation of this finding is 
that the boundaries of functional regions truly shift 
depending on the task the person performs (Salehi et al., 
2020). However, our results also show clearly that models 
trained on specific task-based datasets are able to pre-
dict functional boundaries in other task-based datasets 
substantially above chance (Fig.  6c, d). This clearly 
argues that there is a basic common organization that is 
task invariant (King et al., 2019; Tavor et al., 2016). Fol-
lowing this viewpoint, different task-based or resting-
state datasets highlight different aspects of these stable 
boundaries. This is obviously true for two task sets that 
emphasize different aspects of mental function (see 
Fig. 4a), but also applies to resting-state data. For exam-
ple, in resting-state data, left- and right-hand regions are 
usually highly correlated and often end up in the same 
parcel. However, when using a task set that contains 
both left and right unimanual movements, the two regions 
are readily dissociated (King et al., 2019). Therefore, the 
integration of data from a large array of tasks promises a 
more representative map of brain organization.

Because there is no single task-based dataset that cov-
ers all mental functions in a large number of participants, 

our main goal with this paper was to develop and validate 
a framework that allows us to fuse data from a growing 
number of deep-phenotyping task-based datasets (Assem 
et al., 2024; King et al., 2019; Nakai & Nishimoto, 2020; 
Pinho et  al., 2018, 2020). Even though our framework 
shares substantial similarities with a previous hierarchical 
Bayesian model for brain parcellations (Kong et al., 2018), 
this model was targeted at resting-state data only, but was 
not able to also integrate different types of task-based 
datasets. Here we solve this problem by deploying a series 
of emission models, each one learning the expected 
response for each brain region and their variability. The 
integration across datasets is achieved through a common 
spatial arrangement model, which characterizes the vari-
ability of the functional organization across individuals. As 
shown in the simulations (Sections 3.2 and 3.3), this allows 
us to integrate the strength of different datasets without 
inheriting their weaknesses. We can now deploy this 
framework to an increasing number of datasets, including 
“wide” datasets with many participants (King et al., 2019), 
and “deep” datasets with only a few participants but a 
detailed characterization of each studied individual (Nakai 
& Nishimoto, 2020; Pinho et al., 2018, 2020). We provide a 
practical example of how to use the framework to learn a 
new probabilistic atlas across various datasets at hierarch-
bayesparcel.readthedocs.io.

4.2.  Individual vs. group parcellation maps

Group parcellation maps identify patterns of functional 
organizations that are common and consistent across 
individuals. Group parcellations are in common use, as 
they provide a consistent framework to analyze and 
report functional imaging data, and can be applied using 

Fig. 7.  Performance of cerebellar group parcellations derived from resting-state data only, task-based data only, 
or the combination of both. Probabilistic parcellations were learned using Type 2 (orange) or 3 (green) models. The gray 
bar indicates the averaged performance across the two models. (a) Mean group DCBC, and (b) mean individual DCBC 
evaluated on the task-based datasets in a leave-one-dataset out fashion. Error bar indicates the SEM across all 111 
subjects of the 7 task datasets. Results are averaged across all tested levels of K = 10 to 100.
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only the anatomical image from the individual. However, 
the boundaries between functional regions vary substan-
tially across individual brains (Braga & Buckner, 2017; 
Gordon et al., 2017; Kong et al., 2021), possibly biasing 
subsequent analysis (Bijsterbosch et  al., 2018, 2019). 
Therefore, using individual brain parcellations has the 
potential to improve the precision and quality of subse-
quent analyses. A major limitation, however, is that a sub-
stantial amount of individual data is necessary to derive 
an individualized map of sufficient quality (Marek et al., 
2018). In our study, we found that 60 min of individual 
data were required to reach the same performance as the 
group map, and more than 110 min of data were neces-
sary to substantially outperform it (see Section 3.1). For 
most studies, acquiring this amount of data for an indi-
vidual functional localizer would be prohibitive, explain-
ing the persistent popularity of group maps.

Different from previous approaches to derive individ-
ual parcellations (Salehi et al., 2018; Thirion et al., 2024; 
Zhang et al., 2021), our approach performs a principled 
(Bayesian) integration between a group atlas and the evi-
dence from the individual functional localizer scan, 
weighting each according to the respective uncertainty, 
see also Kong et al. (2021). Even when using a very short 
functional localizer (10 min), the resultant individual par-
cellation outperforms the group map. An example of how 
to use the framework to derive individual parcellations for 
a new set of participants using an existing atlas can be 
found at hierarchbayesparcel.readthedocs.io.

4.3.  Comparing dataset-specific and regions-
specific concentration parameters

The concentration parameter (κ ) in each emission model 
dictates how strongly the respective dataset is weighted, 
both when learning to determine the group parcellation 
map and when integrating individual data with the existing 
group map for individual parcellation. In this paper, we 
tested three ways of estimating this concentration param-
eter: (a) we simply concatenated all sessions for each sub-
ject, giving the entire dataset a single concentration 
parameter (Type 1); (b) we used a separate emission model 
and, therefore, a separate concentration parameter for 
each session (Type 2); and (c) we used a separate concen-
tration parameter for each session and region (Type 3).

We first showed that model Type 2 performed better 
than model Type 1 in capturing different levels of measure-
ment noise from different sessions in both simulation and 
real data (Sections 3.2 and 3.4). However, when we com-
pared Type 2 (dataset-specific) and Type 3 (region-specific) 
models, we found that each had specific advantages, 
which were also dependent on the choice of the number of 
parcels K (Section  3.4). When the number of K ′s was 

large, the region-specific model led to better parcellations, 
it could account for the fact that some sessions contain 
tasks that provided signals in some areas, while other ses-
sions highlighted other areas, a behavior clearly visible in 
the IBC dataset (Fig.  4a). However, when the assumed 
number of parcels (K) was smaller, one region would be 
estimated to have a very low concentration parameter, 
such that it could model all the residual, nonexplained 
regions. Such a residual region led to a more fragmented 
group parcellation (Fig. 6b) and an impaired evaluation of 
the independent data. Constraining the concentration 
parameters to be the same across all regions (model Type 
2) prevented this from happening. The choice of emission 
model (Type 2 or Type 3), therefore, will depend on the 
desired granularity of the parcellation and likely also on the 
amount and quality of the available data. Our framework 
offers both implementations, allowing the user to choose 
the correct algorithm in a context-specific manner.

4.4.  Choice of the number of parcels

When creating a new parcellation atlas, the user needs to 
decide on the number of parcels, K. This is a notoriously 
difficult question, which, for the human brain, likely does 
not have a single correct answer. In our paper, we started 
with 10 and 17 parcels, as these are used in previous 
studies (Buckner et al., 2011; King et al., 2019), and then 
doubled these numbers twice. While the individual par-
cellations still seem to improve at K = 100 since weaker 
individual-specific functional boundaries are detected 
with finer granularity, the DCBC starts to decline and sta-
bilizes for K > 200 (not shown).

This does not mean, however, that parcellations with a 
higher number of parcels are always preferable, even if 
they perform better. Depending on the purpose of the 
study, the type of data that is being analyzed, and the 
amount of individual data, a lower number of parcels may 
provide a more succinct and understandable summary of 
the data. Our current paper focuses on validating the 
computational framework—therefore, we attempted to 
show results across a range of granularities. In our com-
panion paper (Nettekoven et al., 2024), we present a sin-
gle new multiresolution atlas for the cerebellum that 
starts with K = 68 as the finest resolution, and then uses 
a hierarchically nested scheme to combine these parcels 
into larger regions. We believe that this scheme does pro-
vide a good balance between detailed prediction perfor-
mance and simplicity.

4.5.  The choice of training datasets

In principle, our proposed framework can integrate any 
type of data, including different types of structural, genetic, 
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or functional data. Depending on the data type, new emis-
sion models may have to be created (the repository pro-
vides a von Mises–Fisher mixture model, a Gaussian 
mixture model, and a multinomial model for discrete labels, 
see https://hierarchbayesparcel​.readthedocs​.io). How-
ever, care needs to be taken when combining different 
data modalities, as each may reveal different types of brain 
organization.

In our paper, we combined different task-based and 
resting-state fMRI datasets. We show that each modality 
can predict functional boundaries in the other modality 
well above chance (Fig. 7 and Supplementary Fig. S8). 
However, visual inspection of the two parcellations (see 
Supplementary Fig. S9a, b) also reveals some systematic 
differences (Cole et  al., 2014; King et  al., 2019). Our 
Bayesian framework simply weights each dataset 
according to its reliability, ignoring any differences in the 
mean organization. Because different datasets will 
emphasize slightly different sets of functional boundar-
ies, each type of dataset will bias the final parcellation in 
a specific direction (Nettekoven et  al., 2024). Conse-
quently, a single large dataset could dominate the group 
map, possibly reducing the predictive performance for 
other datasets. It is, therefore, important to achieve a 
good balance between resting-state datasets, which can 
be very large, and different task-based datasets, each 
potentially highlighting a specific cognitive domain (Salehi 
et al., 2020). Where this balance lies, or whether it is pref-
erable to have different brain parcellations for different 
functional states, remains an open research question that 
is outside the scope of this paper.

4.6.  Limitations and further developments

The main purpose of this paper is to introduce and validate 
a hierarchical Bayesian framework that optimally fuses 
information from different types of fMRI datasets. In a 
companion paper (Nettekoven et  al., 2024), we use this 
framework to develop a new parcellation of the cerebellum 
that has a nested structure over three levels of granularity 
and matched regions across the left and right hemi-
spheres. We also provided a careful characterization of the 
new regions and extensively compared the resultant atlas 
against existing nonprobabilistic parcellations of the cere-
bellum, using both DCBC and other evaluation criteria.

In this work, we focus mostly on the use of our frame-
work to learn a new probabilistic group atlas. An import-
ant practical application, however, is to derive individual 
parcellations for new subjects using a new dataset, using 
an existing and established probabilistic atlas. For this 
purpose, the new dataset would need to serve as an indi-
vidual training (or functional–localizer dataset). After the 
estimation of a new emission model for this dataset, the 

resultant individual parcellations can then be interpreted 
in the framework of the established atlas. This approach 
makes individual functional localization in new studies 
feasible, while still leveraging the insight won from all the 
other datasets. This has important applications for basic 
science, clinical studies, and ultimately individualized 
prognosis in medicine.

To optimize this approach, however, a number of open 
questions remain: Is it better to use resting-state data or 
a specific task-based dataset as functional localizer? If 
the latter, which combination of tasks would be optimal? 
What type of statistical model is optimal to obtain the 
most precise individual predictions? These questions 
could not be addressed within the scope of this paper, 
and await future investigation.

Finally, we have only used the independent spatial 
arrangement model in this paper, which in essence learns 
a probabilistic group atlas. Being able to leverage an 
increasing number of datasets, however, will hopefully 
allow further development of models that can learn spa-
tial regularities in the arrangement of functional regions in 
the human brain. In our framework, we can also use 
models that make assumptions about the intrinsic 
smoothness of individual functional parcellations, such 
as a Markov Random Field (MRF) spatial prior (Kong 
et al., 2018; Ryali et al., 2013; Schaefer et al., 2018) with 
coupling parameters. As a further extension, deep gener-
ative models, such as a deep Boltzmann machine 
(Salakhutdinov & Hinton, 2009), provide a promising ave-
nue to learn the complex short- and long-range depen-
dencies in individual functional brain organization. We 
have already developed and tested such a deep Boltz-
mann machine as a spatial arrangement model in our 
framework (Chapter 4, Zhi, 2023). However, for the cere-
bellum, there was no benefit for modeling spatial depen-
dencies between voxels. For cortical data collected at 
high resolution, we found a very slight (but not significant) 
advantage in modeling the spatial dependencies between 
brain locations. Therefore, we focus in this paper only on 
the independent spatial arrangement model. However, 
developing a spatially informed model is a promising ave-
nue for further work, and our framework can easily be 
extended to incorporate such models.

5.  CONCLUSION

This paper introduces and validates a hierarchical Bayesian 
parcellation framework for data fusion. Advancing on previ-
ous models (Kong et al., 2021), our framework can integrate 
different types of task-based datasets with resting-state 
data. Here, we have validated the framework using data 
from the human cerebellum—however, the same process 
can be repeated for any other brain structure.
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We anticipate that this framework will be useful for two 
reasons. First, the model can provide individual func-
tional parcellations for new subjects using very limited 
individual data. While normally individual parcellations 
require an extensive amount of data (Marek et al., 2018), 
our framework makes it feasible to derive an individual 
region definition of considerably better quality than a 
group map with 10 min of functional localizer data. Sec-
ond, the framework allows the optimal fusion of func-
tional insights using a range of different task-based 
datasets, thereby overcoming the limitation that current 
task-based datasets are restricted in terms of both the 
breadth of their task battery and the number of subjects. 
The framework accurately quantifies the different signal-
to-noise levels across sessions and datasets, thereby 
providing an optimal weighting for each. The resultant 
maps possess a combined strength in detecting the 
detailed functional boundaries, outperforming the parcel-
lations trained by single datasets.

DATA AND CODE AVAILABILITY

The raw data for the fMRI studies used in this project are 
publicly available at the links listed in Table 1.

The code for the hierarchical Bayesian parcellation 
framework is publicly available as the GitHub repository 
https://github​.com​/DiedrichsenLab​/HierarchBayesParcel. 
The organization, file system, and code for managing the 
diverse set of datasets are available in a separate reposi-
tory  https://github​.com​/DiedrichsenLab​/Functional​
_Fusion. The paper-specific code for generating the func-
tional probabilistic parcellations for the cerebellum, as well 
as running the simulation presented in this paper, is avail-
able at https://github​.com​/DiedrichsenLab​/FusionModel.
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