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Abstract
Functional MRI (fMRI) has traditionally focused on grey matter activations, overlooking the contribution
of white matter pathways to brain organisation. Yet evidence suggests that white matter constraints,
modulates, and integrates signals across distant regions. Here, we introduce a framework to map the
functional specialisation of white matter circuits using fMRI scans collected while participants watched
naturalistic videos. By leveraging ecologically valid stimuli, this method captures cognition as it naturally
unfolds. Integrating fMRI with brain connections, we derived a functionally grounded parcellation of the
connectome, challenging conventional cortical-based cognitive taxonomy. Distinct cognitive profiles
emerged for association and commissural fibres, affirming the functionally heterogeneous nature of
white matter systems. A novel artificial intelligence framework applied to independent datasets
confirmed the robustness and functional relevance of the identified parcels. This open-access
framework also enables the interactive exploration of white matter functional organisation, offering a
new lens on the neural bases of cognition.

Introduction
The intricate relationship between brain and behaviour has led to a progressively refined delineation of
the cortex into functional fields over the past three decades. Advances in brain imaging techniques,
notably functional magnetic resonance imaging (fMRI), have provided crucial insights into how different
brain regions support various cognitive processes and behaviours 1, as reflected in their different activity

patterns and connectivity with the rest of the brain 2–7. However, task-based fMRI is constrained by
predefined cognitive paradigms, in which observed brain activity is tightly linked to specific task
demands, limiting the interpretation of function-related activity.

Despite the growing importance of large-scale integrated systems that support the functioning of the
brain 8, its wiring — the connectome — has been less thoroughly investigated. White matter has typically
been divided based on the shape (uncinate, arcuate), the orientation (longitudinal, vertical), and the
projections (fronto-occipital) of the tracts 9. The functional roles of white matter connections have been
inferred indirectly by relating functional impairments to specific white matter regions, associating
disconnections of structural pathways caused by lesions with cognitive deficits 10. However, such
approaches are biased by the redundant distribution of lesion locations 11,12 and our approximate
taxonomy of neuropsychological functions 13. Additionally, previous attempts to parcellate white matter
based on functional tasks have been hampered by low signal-to-noise ratios existing in the white matter
and the absence of a suitable model to fit the data 14. Hence, a functionally relevant taxonomy of the
white matter is still needed.

Recent advances in functional MRI analyses allow us to explore the white matter’s contribution to
functional connectivity through the Functionnectome method 15. This method projects fMRI-derived
activation from the cortex and subcortical areas onto the white matter using the anatomical priors of the
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white matter connectivity. Emerging evidence from projecting resting-state fMRI data on white matter
structures using the Functionnectome suggests that this approach can reveal novel links between
cortical networks that were traditionally considered independent 16. However, the functional
characterisation of resting-state data remains elusive 17, and task-related fMRI is still the gold standard
for assessing the relationship between cognitive functions and brain structures. Since it is impossible to
assess all cognitive tasks comprehensively, naturalistic stimuli such as movies have emerged as an
alternative for studying functional specialisation 18. Passive video-watching engages multiple cognitive
and perceptual systems dynamically, enabling functionally meaningful brain activations beyond rigid
task designs. It provides a more naturalistic window into the functional brain organisation than
conventional task-based fMRI. For example, videos depicting hand movements or requiring face
recognition and object discrimination activate respective neural networks for these functions 19.
However, how white matter networks could be triggered and segregated by the content of specific video
segments remains unknown.

In the present study, we aimed to parcellate white matter circuits according to their functional specificity
using a data-driven approach. To this end, we applied the Functionnectome to data from 110 participants
acquired with fMRI during video watching and identified functionally specialised white matter circuits
independent of preexisting cognitive taxonomies. We then validated these parcellations in three
independent external datasets, demonstrating their generalizability across samples and stimuli. To
further characterise the functional roles of these parcellations, we developed a novel artificial
intelligence (AI) framework grounded in a previously established cognitive morphospace 13, which we
extended to white matter representations. Doing so, we associated dynamic patterns of white matter
activity with cognitive terms over time. This Neuro-AI approach leveraged external neuroimaging
datasets, including fMRI data acquired during movie watching (Naturalistic Neuroimaging Database -
NNDb) 20 and naturalistic scene viewing (Natural Scenes Dataset - NSD) 21.

The Cognitive Parcellation of Association and Commissural Tracts (Cognipact) provides a paradigm shift
in functional investigation, offering a novel framework to explore white matter contributions to brain
function. We provide an online tool (http://cognipact.bcblab.com) accompanying this study that offers a
user-friendly platform for researchers to investigate further the relationship between white matter
connectivity and cognitive function. Additionally, the parcellations are available for download,
visualisation and reuse in NeuroVault (https://neurovault.org/collections/19566/).

Results
Robust and reproducible functional topography of the white matter circuits

Each individual's fMRI signals during video watching were projected onto the white matter using the
Functionnectome method. This step was performed separately for associative, commissural, and
projection fibres on both the discovery and replication datasets. Group-level variation profiles of voxel
activity were captured via one-sample t-test applied to the Functionnectome time series at each time
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point. These temporal variations were embedded into a two-dimensional space using Uniform Manifold
Approximation and Projection algorithm (UMAP) 22, revealing the intrinsic functional organisation of
voxels based on their activation patterns. The distribution of these voxels was similar for the discovery
and replication groups (Fig. 1), for the associative (r = .98), projection (r = .97), and commissural (r = .72)
fibres, supporting the robustness and reproducibility of the Functionnectome analysis. We compared
these distributions to a null model, represented by a randomly generated UMAP, and observed a
dissimilar distribution between the discovery and replication UMAPs and the null model (r < .10).

Given the high similarity between the discovery and replication groups, we merged the two into the brain
parcellation group to increase our sample size (Fig. 2a-b). We selected the best Hierarchical Density-
Based Spatial Clustering of Applications with Noise (HDBSCAN) 23,24 parameters to identify the clusters
grouping the voxels with similar activation patterns. For the association fibres, the best parameters were
a minimum cluster size of 400 and a minimum sample of 250, reaching a coverage of 67% of the brain
voxels and a Density-Based Clustering Validation (DBCV) 25 score of 0.52 (range from − 1 to 1). The
HDBSCAN model using these parameters resulted in 36 clusters (Fig. 2c). For the commissural fibres,
the best model used a minimum cluster size of 50 and a minimum sample of 400, reaching a coverage
of 90% of the brain voxels and a DBCV score of 0.50. This HDBSCAN model resulted in 40 clusters
(Fig. 2d). The voxels that the model did not cover were classified as noise. We did not identify any model
that converged to cluster the projection fibres based on their functional activations. The clusters
identified for the association and commissural fibres were mapped back onto the brain, leading to a
white matter parcellation for association (Fig. 2e) and commissural (Fig. 2f) fibres based on functional
activations. This parcellation was visualised in relation to key white matter tracts, providing anatomical
context for the functionally derived clusters (Fig. 2g-h and Supplementary Fig. 1).

Out-of-sample validation of functional specificity

To evaluate the generalisability and functional relevance of our association and commissural
parcellations, we first assessed whether the temporal activation patterns observed in the brain
parcellation group are observed in an independent out-of-sample group (i.e., the validation group),
exposed to the same naturalistic movie-watching paradigm. We projected the parcellations onto the
validation group and extracted the group-level temporal variation series from each parcel. We then
compared the resulting activation profiles to those from the brain parcellation group by computing
correlation matrices across parcels. We observed significant correlations between the brain activations
in the validation group and those in the brain parcellation group (Fig. 3a-d and Supplementary Fig. 4; all p 
< .001). For the association parcellation, the mean correlation was 0.78 (SD = 0.099; range = 0.54–0.92).
For the commissural parcellation, the mean correlation was 0.78 (SD = 0.13; range = 0.48–0.94). This
suggests that the identified parcels consistently reflect functionally meaningful activation patterns
driven by the naturalistic video stimuli. This result supports the reliability and reproducibility of our white
matter parcellation based on functional activations across independent datasets, reinforcing its utility
for investigating integrative brain mechanisms in fMRI studies using the Functionnectome.
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Next, we assessed the functional coherence of each parcellation by computing their overall
homogeneity, which quantifies the similarity of the temporal variation series among voxels within each
parcel. A homogeneity value closer to one indicates high similarity among voxel time series, suggesting
that the parcellation captures a meaningful functional unit. We applied this analysis to an independent
group (i.e., the validation group) to ensure that the observed functional coherence was not specific to the
original dataset. We applied the parcellation to the validation group and computed the homogeneity
metric for both the associative and commissural parcellations. The associative parcellation yielded a
homogeneity metric of 0.92, while the commissural parcellation had a homogeneity metric of 0.96,
indicating strong within-parcel similarity in both cases. To evaluate whether these values were
significantly higher than expected by chance, we compared them to the distribution of homogeneity
metrics obtained from 1000 random parcellations. For each parcellation, a Z-score was calculated by
subtracting the mean of the null distribution and dividing by its standard deviation, quantifying how many
standard deviations the actual parcellation’s homogeneity deviated from the null mean. The resulting z-
scores were 8.05 for the association parcellation and 21.03 for the commissural parcellation. These high
Z-scores indicate that the functional homogeneity of the actual parcellations lies outside the range
expected by chance. Thus, both parcellations demonstrated greater functional coherence than expected
under a null model. Together, these results validate the functional specificity and robustness of the
parcellations.

Linking white matter parcellation to cognition via a cognitive morphospace

To relate our white matter parcellation to cognitive processes, we developed a cognitive morphospace: a
neuro-AI framework embedding meta-analytic fMRI activation maps 13 into a low-dimensional space
built from activation profiles across white matter parcels (Fig. 3e, see Supplementary Data 2 for an
interactive 3D file). We projected each time point into the morphospace using the group-level temporal
variation series from the brain parcellation dataset. We identified the closest cognitive term based on
minimum Euclidean distance. This approach allowed us to determine the most likely cognitive processes
associated with each time point based on its projections into the morphospace, linking dynamic brain
activation patterns to cognitive terms.

To validate this approach, we projected three external datasets into the morphospace: the movie-
watching paradigm (HCP - Validation Dataset), the Naturalistic Neuroimaging Database (NNDb − 500
Days of Summer) 20, and the Natural Scenes Dataset (NSD) 21. Each time point was positioned within the
morphospace according to its parcel-wise white matter activation profile. We identified the closest
cognitive term in the morphospace for each time point in these datasets. While not all terms were
observed in all datasets, we highlighted representative cognitive terms consistently activated across
tasks and samples (Fig. 3f). These included functions such as emotion, actions, hand movements, and
facial recognition, supporting the generalisability of the morphospace across different experimental
contexts.
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Finally, ChatGPT 4o was employed to produce experimenter-unbiased descriptions of the video frames
and relate them to the cognitive terms activated by each parcel (available as Supplementary Data 1).

Association and commissural fibres have different cognitive profiles.

The association parcellation revealed a functionally organised white matter structure with distinct
patterns of hemispheric specialisation. Using the cognitive morphospace of white matter, we identified
the most frequently associated cognitive terms linked to the activation of association parcels. These
included priming, reading, semantics, auditory stimulus, and actions. In contrast, the commissural
parcellation revealed the functional involvement of fibres supporting a wide range of motor, cognitive,
and social-emotional functions across both hemispheres (Fig. 4). The cognitive morphospace
highlighted terms most frequently associated with commissural parcels, including endogenous,
associative, spatial-temporal, and hearing.

To further characterise how white matter organisation supports distinct cognitive domains, we
compared the frequency of cognitive term activations during video-watching between association and
commissural parcels in the original brain parcellation. For each term, we computed the normalised
difference in activation frequency between the two sets of parcels, accounting for the overall term
frequency across the movie (Fig. 4). Cognitive terms more frequently associated with commissural
parcels included arousal, face, selective attention, and salience, among others, while those more
regularly related to association parcels included word form, suppression, and visuomotor, among others.
These findings confirm that specific white matter tracts differentially support distinct cognitive domains
and that the morphospace captures these patterns in a biologically meaningful way.

The activation patterns and the concatenated videos for significant activation time points for each parcel
for associative and commissural parcellations are provided on the website http://cognipact.bcblab.com
and in Supplementary Material (Supplementary Figs. 2 and 3)

Discussion
This study redefines the functional landscape of the human brain by revealing that white matter circuits,
long considered mere anatomical conduits, exhibit a rich and distinct functional organisation, mapped
here for the first time comprehensively using naturalistic fMRI and the Functionnectome approach. By
projecting fMRI signals onto white matter pathways, we produced the first comprehensive, cognition-
driven parcellation of association and commissural fibres. This finding challenges the prevailing view of
white matter as a passive relay system and instead positions it as an active substrate underpinning
diverse cognitive functions. Critically, the robustness and reproducibility of this functional architecture
were validated in independent datasets underscoring its potential for generalisability and translational
neuroscience.

Task-based fMRI is usually the gold standard for linking brain regions to function. However, while task-
based fMRI is valuable in isolating specific cognitive processes, it is inherently limited by the predefined
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nature of the tasks. It may fail to capture the richness of real-world cognition. The naturalistic stimuli
employed in our study allow for the emergence of functionally relevant networks, which contrast with
artificially segmented cognitive tasks. Additionally, white matter research has focused on lesion-based
(e.g. 10,13,26,27), electrical stimulation (e.g. 28) or anatomical classifications (e.g. 29,30) to infer functions
indirectly. While these methods have provided valuable insight, they often fail to capture
comprehensively the complexity of white matter’s contribution to brain function (12,13). Our approach
bridges these gaps by integrating functional and structural data in a naturalistic setting, revealing a
detailed map of functionally specialised white matter pathways. Unlike previous studies that primarily
explored cortical functional divisions 2–7, our study highlights the dynamic role of white matter in
creating a networked brain architecture, enabling the emergence of cognitive functions 8.

The Cognipact parcellation reveals distinct patterns of functional specialisation within association and
commissural fibres that can be directly explored in our online resource (http://cognipact.bcblab.com).
This openly available parcellation is designed to facilitate the integration white matter analysis into
functional brain mapping, complementing existing cortical atlases 2–7. For instance, association fibres
were predominantly linked to language processing, being more involved in the activation of cognitive
terms such as semantics, priming, and reading. Commissural fibres demonstrated bilateral activations
associated with motor control, spatial processing, and internal, self-generated cognitive functions, and
endogenous processes, as summarised by the ChatGPT generative language model. These findings
suggest that white matter actively supports complex, behaviourally relevant functions rather than being a
mere relay system.

Surprisingly, we did not observe a functional specialisation within the projection fibres, possibly due to
their simpler contribution in relaying information between cortical and subcortical regions. Another
explanation is that passive, naturalistic viewing of video does not involve the subcortical networks like
active tasks do 31. This lack of differentiation could also reflect methodological limitations, such as the
resolution of fMRI data, the functionnectome, or the suitability of naturalistic stimuli for detecting such
granularity in functional distinctions. Future studies could address this gap using task-based fMRI
centred on the functional subdivision of subcortical areas (e.g. 32) to investigate projection fibres in
greater detail.

The parcellations of association and commissural fibres provide a powerful resource for studying brain
connectivity and functions. This framework allows future researchers to build more holistic and nuanced
models of cognition, by integrating white matter support to complex functional networks. This opens up
new avenues of fMRI research, as future studies take into account the contribution of broad dynamics to
specific task-based activations. These maps can serve as a reference for investigating disease-specific
disruptions in white matter pathways together with their functional association, offering new insights
into the fabric of our cognition as well as the neural bases of neurological and psychiatric disorders.

The development of the cognitive morphospace provides a robust framework for interpreting white
matter dynamics in terms of cognitive functions. By embedding cognitive terms derived from meta-
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analytic fMRI maps into a low-dimensional white matter space, we could link moment-to-moment white
matter activity to specific cognitive functions. Notably, the successful projection of independent
datasets, collected under different paradigms and conditions, into this morphospace highlights its
robustness and generalizability. The consistent identification of functions such as emotion, action, and
face perception across these datasets suggests that the morphospace captures fundamental
organisational principles of white matter cognition. Furthermore, our analysis revealed distinct cognitive
profiles linked with association and commissural fibres, demonstrating the functional heterogeneity of
white matter systems. When compared directly, commissural tracts were more frequently involved with
cognitive processes involving attention, perception, and inner-state cognition. In contrast, association
tracts supported language, memory, visuomotor integration, and executive functions. These findings
highlight the utility of the morphospace in disentangling how different white matter systems contribute
to support distinct cognitive domains. This approach opens new avenues for comparing cognitive
dynamics across tasks, populations, and modalities and exploring how white matter supports flexible
cognitive processing in naturalistic settings.

While our study provides strong evidence for the functional organisation of the white matter, the
naturalistic stimuli used in our analysis may not fully capture all the functional diversity of the human
brain. Future investigation may reveal additional parcels for white matter pathways not characterised in
the present study. Additionally, our group analysis does not account for inter-individual variability.
However, previous research has demonstrated a high degree of synchrony in neural responses across
individuals during naturalistic stimuli, such as movie-watching.19. Finally, interpreting cognitive functions
from naturalistic stimuli remains a challenge, particularly given the data-driven nature of our approach,
which reduces dependence on predefined cognitive taxonomies. However, this lack of reliance on often
biased existing frameworks 12 enables a more comprehensive and unbiased exploration of brain
functions that have been underrepresented in the classical paradigms. To help overcome interpretation
difficulties, we provide a tool that derives each parcel’s activation to the associated movie frames, and
maps systematically parcels and cognitive functions across time, facilitating a more intuitive and
context-rich interpretation.

In conclusion, this study provides a robust, data-driven parcellation for understanding the functional
organisation of white matter openly accessible at http://cognipact.bcblab.com. These results lay the
foundation for exploring the intricate interplay between white matter and cognition and provide novel
insight and applications in neuroscience.

Methods
Participant data

We analysed data from 110 participants (55 women) available in the HCP 7T release
(https://www.humanconnectome.org/hcp-protocols-ya-7t-imaging). Each participant's data consists of
3655 volumes corresponding to 1 hour of scanning, including alternate fMRI sessions of resting and
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video-watching. The data has been preprocessed and registered to the MNI152 reference space as
described in 33. The acquisition parameters included an EPI gradient-echo sequence, with TR = 1000 ms,
TE = 22.2 ms, flip angle = 45 deg, FOV = 208 x 208 mm (RO x PE), slice thickness = 1.6 mm; 85 slices; 1.6
mm isotropic voxels, multiband factor = 5, Image Acceleration factor = (iPAT), and echo spacing = 0.64
ms. The dataset was split into two groups of 55 subjects; the first group served as the discovery group,
and the second group served as the replication group.

Video stimuli in fMRI sessions

The fMRI sessions included four short videos featuring two types of content. The first type consisted of
two independent short clips sourced from freely available movies under Creative Commons licensing.
The second type included two excerpts from Hollywood films previously published by 33. Each four
stimuli included a repeated clip intended for validation across scans. A 20-second rest period was
presented before each clip within every movie and after the entire movie. During the rest period,
participants were presented with a black screen with the word "REST" in white text.

Applying the Functionnectome method to naturalistic videos

The fMRI data were projected onto the Functionnectome to estimate the contribution of white matter
circuits to the cortical variation during the video watching (i.e., Functionnectome time series). The
Functionnectome is generated by projecting fMRI signals from grey matter voxels into the white matter,
weighing them by the probability of normative structural connectivity between each grey matter voxel
and the rest of the brain 15. Anatomical priors of the brain circuits give this probabilistic structural
relationship. Three different anatomical priors were used for this analysis: association, commissural, and
projection fibres. Subsequently, at each time point in the Functionnectome time series, we extracted the
corresponding volume across all participants and concatenated these volumes to create a group-level
dataset for that specific moment. We then computed a voxel-wise one-sample t-test across participants
for each time point using the randomise tool available in FSL34. This step resulted in a 3D group-level
map of functional variation in the brain at each time point. These group-level maps were computed
separately for the discovery and replication groups. Finally, by examining the sequence of group-level
maps, we can look at the variation in each voxel across the video-watching period to explore brain
activity variation in relation to the content of the video. From here on, these will be referred to as group-
level temporal variation series.

Parcellation of white matter based on functional organisation

We applied dimensionality reduction to the group-level temporal variation series obtained from the
Functionnectome projections to examine the large-scale organisation of white matter voxel activity
during naturalistic stimulation. Specifically, we aimed to identify whether voxels could be meaningfully
organised according to their functional activation patterns across time, potentially revealing an intrinsic
structure in white matter functional signals. For this, we used the UMAP 22, a non-linear dimensionality
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reduction technique that preserves both local and global data structure. The analysis reduces high-
dimensional data into a two-dimensional space where voxels with similar covariation patterns are placed
near each other, while dissimilar ones are further apart. We used the implementation available at
https://umap-learn.readthedocs.io/en/latest with default parameters (n_neighbors = 15, min_dist = 0.1),
which have shown to be the optimal trade-off between maintaining the global structure without spurious
neighbouring connections 13. This allowed us to visualise and compare the spatial-functional
organisation of white matter activation patterns. The analysis was conducted separately in the discovery
and replication datasets to assess the reproducibility of the observed structure.

To assess this reproducibility, we randomly sampled 1000 points from each UMAP embedding (i.e.,
UMAP of both discovery and replication groups) using a fixed random seed to ensure consistency across
datasets. Pairwise Euclidean distance matrices were computed for each group, capturing the spatial
configuration of the points within the two-dimensional embedding space. Pearson correlations between
these distance matrices were then calculated to the similarity in spatial organization between the
discovery and replication groups. To ensure the robustness of our findings and verify that they are not
merely due to chance, we created a null model by generating a third UMAP embedding using shuffled
voxel-level data. Specifically, for each subject in the discovery group, the voxel order was randomly
permuted before transposing the time series into subject-by-voxel matrices, thereby destroying voxel
wise spatial correspondence across subjects. The resulting randomized data were used to generate a
new UMAP embedding, trained using the same parameters as the original. We then computed the
Euclidean distance matrix of this null embedding and correlated it with those from the actual discovery
and replication UMAPs. Lower correlations with the null model would suggest that the observed
structure in the actual UMAP embeddings reflects consistent functional organization across individuals.

Given the similar distribution of the discovery and replication groups (see Fig. 1), we combined data from
both groups for the clustering data analysis. Time course variation profiles for each brain voxel across all
110 participants (including discovery and replication groups) were entered into a UMAP. Clusters within
the UMAP space were identified using the HDBSCAN model 23,24. HDBSCAN is a hierarchical clustering
algorithm that extracts a flat clustering based on the stability of clusters while accommodating varying
densities and identifying outliers as noise points. We used the package available at
https://hdbscan.readthedocs.io/en/latest/index.html#.

To determine the optimal HDBSCAN model, we explored different parameters of min_cluster_size and
min_samples, ranging from 50 to 500, with an interval of 50. To evaluate the performance of each
parameter combination, we employed a fast approximation of the DBCV score 25 as a relative measure
ranging from − 1 to 1, where a higher DBCV score indicated better clustering performance. Finally, the
clusters identified using the HDBSCAN clustering algorithm were projected back onto the brain. This
step provided the first parcellation of the white matter based on functional activations.

Out-of-sample validation group
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We analysed data from a third group comprising 20 participants (16 women) available in the HCP 7T
release. These participants underwent the same acquisition protocol described for the previous 110
participants. However, this data was acquired before updates were made to the movies used during the
HCP 7T release scanning sessions. Therefore, in this data, the start and end points of the movies are not
synchronised with the TR of the fMRI scans, with deviations ranging from 0 to approximately 200 ms for
three of the four movie files.

We performed the same analysis described before: the fMRI data were projected onto the
Functionnectome, and each time point of the time series was entered into a one-sample t-test.

To validate our association and commissural parcellations, we assessed the consistency of voxel-wise
temporal variations within each parcel across the brain parcellation and validation groups. Specifically,
we computed Pearson correlations between the temporal variation series of each parcel in the two
groups.

For further validation, we evaluated the functional homogeneity of the parcellations within the validation
group by comparing them to a null model. A parcellation homogeneity metric was computed to quantify
the similarity of the group-temporal variation series within each parcel, reflecting the functional
coherence of the brain regions defined by the parcellation. We extracted the time series data of all voxels
for each parcel from the group-level temporal variation series. We then computed a correlation matrix for
each parcel using a pairwise Pearson correlation coefficient between all voxel pairs. These coefficients
were Fisher-Z transformed, and the homogeneity value for each parcel was defined as the average of
these Fisher Z-transformed correlations. To account for parcels with a large number of voxels, a block-
wise approach was applied when the voxel account exceeded a threshold of 40000 voxels (it only occurs
for one parcel in the commissural parcellation). This method involved dividing the parcel into smaller
blocks of 5000 voxels, computing correlations within and between blocks, and then averaging these
correlations to obtain the final homogeneity value. To compute the overall homogeneity of the
parcellation, each parcel’s homogeneity value was weighted by its number of voxels, and the weighted
sum was divided by the total number of voxels across all parcels (as in 6), as follow:

Overall homogeneity = ∑ i N = 1 hi * vi / ∑ i N = 1 vi

where hi is the homogeneity of parcel i, and vi is the number of voxels in that parcel. A value closer to 1

indicates that voxels within each parcel exhibit highly similar activity patterns, reflecting a more
homogeneous parcellation.

To assess whether the observed homogeneity of the actual parcellations exceeded chance levels, we
generated a null distribution using 1000 random parcellations with the same number and size as in the
original parcels. For each parcellation, associative and commissural, the random parcellations were
created using a region-growing algorithm that started from a randomly selected seed voxel within the
brain. Each parcel was grown iteratively by adding neighbouring voxels until it reached the size of the
corresponding original parcel, ensuring contiguity within parcels and no overlap between parcels. We
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extracted the group-level temporal variation series for each brain voxel for each random parcellation and
computed the overall homogeneity, as described above. These random parcellations provided a null
distribution of homogeneity values, which we used to compare against the homogeneity of the actual
parcellation to evaluate its statistical significance. We calculated a Z-score to quantify how far the actual
overall homogeneity deviated from the null distribution. It was calculated as the difference between the
homogeneity of the actual parcellation and the distribution of random homogeneities:

High absolute Z-scores indicate a statistical difference between the homogeneity of the actual and that
of the random parcellations. A greater Z-score can be interpreted as a better homogeneity of the actual
parcellation than the distribution of homogeneity values from the random parcellations. In addition, a
permutation based p-value was computed by comparing the observed difference between the real
homogeneity and the mean of the null distribution against a distribution of differences obtained from
shuffling the real and null values 10000 times.

Mapping white matter–cognition relationships via neuro-AI

Naturalistic Neuroimaging Database (NNDb)

We used publicly available data from the Naturalistic Neuroimaging Database (NNDb v2.0;
https://www.naturalistic-neuroimaging-database.org) 20, which includes full-length fMRI recordings of 86
participants (https://openneuro.org/datasets/ds002837/versions/2.0.0). From this dataset, we selected
20 participants (10 women, mean age 27.7 +- 10.1, min = 19 max = 53) who watched the same movie,
500 Days of Summer, a film in the romance genre. All participants were right-handed native English
speakers. Functional MRI data were acquired using a 1.5T Siemens MAGNETOM Avanto scanner with a
32-channel head coil (Siemens Healthcare, Erlangen, Germany), employing multiband EPI with a
multiband factor of 4 and no in-plane acceleration. Acquisition parameters were as follows: TR = 1 s, TE 
= 54.8 ms, flip angle = 75°, 40 interleaved slices, and 3.2 mm isotropic resolution. The movie lasted 5470
seconds and was split into two scanning sessions on separate days, with at least one break between
them due to a software limitation of the EPI sequence. Breaks were kept to a minimum. For full details
on data acquisition and preprocessing procedures, see 20. Briefly, preprocessing was conducted using
AFNI 35 and included slice timing correction, despiking, volume registration to the mean functional image
(centre of the time series), alignment to the anatomical scan, and normalisation to the MNI template.
The data were then detrended. We used the preprocessed, detrended, and concatenated time series with
ICA-based artifact removal applied (sub-_task-_bold_blur_censor_ica.nii). As an additional step, we
registered the data to MNI space at 2 mm resolution using FSL's FLIRT. Finally, we performed the same
analysis as for the HCP data: the fMRI data were projected onto the Functionnectome, and for each time
point in the resulting time series, a voxel-wise one-sample t-test was conducted across participants.
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The Natural Scenes Dataset (NSD)

We used data from 8 right-handed participants (6 women; mean age = 26.5 ± 4.2 years; range: 19–32)
with no known cognitive impairments or colour blindness, and with normal or corrected-to-normal vision.
High-resolution functional MRI data were obtained from a publicly available dataset (see 21 for full
details). Functional data were collected at 7T using gradient-echo EPI with 1.8 mm isotropic resolution,
TR = 1.6 s, TE = 22 ms, and multiband acceleration (factor 3), providing whole-brain coverage including
the cerebellum. The full dataset includes 40 scanning sessions per subject, with 12–14 runs per session.
Preprocessed time series and experimental design files were downloaded from
http://naturalscenesdataset.org.

In the NSD experiment, participants performed a long-term continuous recognition task while viewing
thousands of natural scene images. Each participant viewed approximately 10.000 distinct images, each
repeated three times across the sessions. Among these, a subset of 1.000 images was shared and
presented to all participants, while the remaining images were unique to each individual. For our
analysis, we identified 515 images presented to all subjects three times. The images were selected from
Microsoft’s COCO dataset 36. Each trial lasted 4 seconds, with a 3-second image presentation followed
by 1 second of fixation, and runs included 75 trials (63 image trials and 12 blank trials). The temporal
ordering of trials was identical across subjects. The data were temporally resampled for preprocessing
to correct for slice timing differences and spatially resampled for motion, EPI distortion, and gradient
nonlinearities. We applied further preprocessing including high-pass filtering and nuisance regression to
remove motion-related confounds, with demeaned regression residuals. The cleaned data registered to
MNI space at 2 mm resolution using FSL’s FLIRT tool.

Next, we identified the indices corresponding to the 515 shared images presented to all participants. For
each image, we selected the volume corresponding to each image presentation and averaged the two
subsequent volumes (approximately 3.2 to 4.8 seconds post-stimulus) to account for the delayed
hemodynamic response, across the three repetitions to obtain a mean activation map per concept per
participant. These mean maps were then concatenated across participants to form a group-level
dataset, which was used as input for the Functionnectome analysis. Finally, each time point in the
resulting time series was entered into a voxel-wise one-sample t-test, following the same steps as
described for the HCP processing.

White matter cognitive morphospace

To characterise the organisation of cognitive processes in the brain's white matter, we created a
morphospace following the procedure described in Pacella et al 13. We used 506 meta-analytic
association maps from Neurosynth (www.neurosynth.org), which are statistical representations of fMRI
activation patterns linked to specific cognitive terms 1. These maps were projected from grey matter to
white matter using Functionnectome, yielding white matter–based meta-analytic representations of
cognition. Each projected map was then parcellated using our association and commissural white
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matter parcellations. This process reduced each meta-analytic map to a vector of average intensities
within each parcel, creating a structured representation of the cognitive terms in anatomical white
matter space. The resulting matrix had 506 rows (one per cognitive term) and 76 columns (one per
parcel, including association and commissural parcels). For further details on the meta-analytic dataset,
see Pacella et al 13.

To explore how cognitive functions are represented and related within white matter, we applied UMAP to
the parcel-wise intensity matrix to generate a 3-dimensional embedding called the white matter cognitive
morphospace (Fig. 3e and Supplementary Data 2). Each point corresponds to a cognitive term in this
space, and the distance between points reflects the similarity in their spatial distribution across parcel-
wise white matter representation. The coordinates of the 506 cognitive terms and the full embedding
model were saved to allow the projection of new data.

Projecting white matter functional dynamics into the cognitive morphospace

We projected the group-level temporal variation series from our brain parcellation into the previously built
cognitive morphospace to explore the temporal dynamics of cognitive representations in white matter.
These maps, containing significant t-values within each of the 76 parcels across 3655 time points, were
transformed using the pre-trained UMAP model. This resulted in a set of new 3D coordinates, with each
point capturing the cognitive profile of a specific time point within the same space as the original meta-
analytic cognitive terms.

We repeated this projection for the validation group and two additional independent datasets to validate
our morphospace approach. This confirmed that mapping white matter functional dynamics onto
cognitive coordinates was reliable and generalisable across different samples, enabling us to identify the
cognitive terms engaged at each time point based on white matter variation.

Decoding cognitive representations from white matter activity

To interpret the cognitive content of each time point, we computed the Euclidean distance between each
projected time point and the 506 cognitive term coordinates in the morphospace. This resulted in a
distance matrix with dimensions [Number of time points × 506 cognitive terms]. We identified the
nearest cognitive term for each time point by selecting the one with the smallest distance value. The
corresponding term index and label were extracted for further analysis.

Parcel activations during naturalistic video viewing

To identify activations within each parcel while viewing the naturalistic videos, we computed the mean
and standard deviation (SD) for each time point in the group-temporal variation series belonging to each
parcel. Time points with a mean exceeding + 2 SD exhibited heightened activation. Subsequently, we
matched these activated time points with the corresponding moments in the naturalistic videos,
accounting for a delay of 5 seconds between each time point and the video time. All this material is
available at http://cognipact.bcblab.com. Users can select specific brain parcels and view the
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corresponding video segments that activate them, facilitating deeper investigation into the functional
roles of distinct white matter tracts.

Differential cognitive profiles of association and commissural parcellations

For each cognitive term, we computed a normalised difference in activation frequency across tract
classes, considering how often the term appeared throughout the movie. Specifically, we calculated the
frequency of activation in association and commissural parcels relative to the total number of time
points in which each term was identified, and then applied the formula:

(Association − Commissural)/(Association + Commissural)

This yielded a measure of parcel-specific activation preference that corrects for variability in term
prevalence across the stimulus.
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Figures

Figure 1

Visualisation of data into the two-dimensional UMAP embedding. UMAP plots illustrating the distribution
of data points for the discovery group (left), replication group (middle), and randomised data of the
discovery group (right). Each point represents a voxel, and the UMAP algorithm is used for
dimensionality reduction to visualise the underlying patterns in the data during naturalistic video-
watching.
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Figure 2

White matter parcellation and tract visualisation for association (left) and commissural (right) fibres. (a-
b) UMAP plots show the data points distribution for the combined brain parcellation group (discovery +
replication groups). Each point represents a voxel. The UMAP plot in the right panel is colour-coded to
indicate different clusters identified by the HDBSCAN model. (c-d) Grid of the clustering models tested
for different values of minimum cluster size and minimum number of samples. The model with the
highest DBCV score is circled in red, indicating optimal parameters. (e-f) Brain parcellation visualisation
in axial slices. A: anterior; P: posterior; R: right; L: left (g-h) Visualisation of the white matter tracts
corresponding to parcels shown in (c). For association fibres, principal bundles include the SLFs
(Superior Longitudinal Fasciculi), ILF (Inferior Longitudinal Fasciculus), Arcuate, PSL (Posterior Segment
of the arcuate fasciculus), Cingulum, and IFOF (Inferior Front-Occipital Fasciculus). Given their large
spread and modest anatomical labellisation, 9 major anatomical landmarks are shown for commissural
fibres, including the Rolando fissure (central sulcus) and Sylvian fissure (lateral sulcus).
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Figure 3

Brain activations in the parcellation and validation groups, and their cognitive embedding in a white
matter morphospace. (a, c)Representative time series activation for associative (a) and commissural (c)
parcels, showing the overlapping brain activations per time frame for the parcellation (blue) and
validation (orange) groups. Zoomed-in segments highlight the similarity in activation patterns across
groups for corresponding parcels. (b, d) Correlation matrices for associative (b) and commissural (d)
parcellations display parcel-wise correlations between the parcellation and validation groups. Each cell
represents the correlation coefficient between matching parcels, demonstrating consistent dynamics
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across groups. (e) A cognitive morphospace was built by embedding meta-analytic fMRI activation maps
of cognitive terms into a low-dimensional space defined by white matter organisation. Each point
represents a cognitive term positioned based on its white matter parcel activation profile. Points are
coloured based on the normalized difference in activation frequency between association and
commissural parcels during video watching. Terms with stronger activation in association parcels
appear more orange, and those more engaged in commissural parcels appear more blue (see
Supplementary Data 2 for an interactive 3D visualization). Highlighted in red are terms corresponding to
hand movements, facial, action, and emotion. (f) To validate the morphospace, three independent
datasets were projected into it: a validation sample from the same movie-watching paradigm (HCP -
Validation Dataset), the Naturalistic Neuroimaging Database (NNDb - 500 Days of Summer), and the
Natural Scenes Dataset (NSD). Each time point was matched to its closest cognitive term based on its
white matter activation profile. The figure highlights time frames across datasets that mapped onto the
same cognitive terms emphasized in (e). These recurring patterns across distinct experimental contexts
support the robustness and functional relevance of the morphospace framework.
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Figure 4

Cognitive term activation in association and commissural parcels. Normalised difference of the
activation frequency between association and commissural parcels during the video watching,
calculated by (association – commissural)/ (association + commissural). Longer blue barplots (i.e.,
more negative values) represent the cognitive terms that are more activated in commissural parcels. In
contrast, longer orange barplots (i.e., more positive values) represent the cognitive terms that are more
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activated in association parcels. To provide context for the cognitive processes involved, we included
selected movie frames corresponding to some of the terms shown.
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