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Abstract
Thirty years of functional neuroimaging have been accumulating a wealth of evidence of the intricate
relationship between structure and function. However, potential overlap, independence, granularity of and
gaps between functions remain poorly understood at the global level. In this study, we extracted the latent
structure of the current brain-cognition knowledge and revealed its organisational structure. This
knowledge has been derived from the most comprehensive meta-analytic fMRI database (Neurosynth)
that was used to compute a two-dimensional embedding space – the brain-cognition space – capturing
the relationship between brain functions as we know it. The structure of the space allowed us to test the
degree of logic in the relationship between functions statistically – a rationality index – and to predict the
activation pattern of new and still undetermined functions. The organisation and predictive framework
de�ned by the brain-cognition space will foster the investigation of novel functions and guide the
exploration of the fabric of human cognition.

Introduction
Functional neuroimaging has been accumulating a wealth of evidence of the intricate relationship
between structure and function. Motor, auditory, and visual functions activations are structurally
segregated in the brain. However, activations associated with other cognitive functions might overlap.
Working memory1, spatial attention23, language4, and mirror neurons5 share similar patterns of
activation6. Hence, the structure of cognitive functions as we know it is not perfectly segregated and
challenges our conception of the brain-cognition organisation built on activation models. This is because
our representation of cognition has been built on the exploration of theoretical and experimental
paradigms that are, in principle, recursively validated. As the quintessence of knowledge is not about
absolute truth but knowledge of the art of reasoning itself7, in order to make progress, our knowledge
should always be questioned through rationalisation.

Cognitive neuroscience relies on a changing constellation of ideas on how our mind is ascribed to our
brain8. Accordingly, mapping brain activations associated with cognition leapt from the one-to-one
correlation between brain regions and behaviour to advanced complex neural systems that drive human
behaviour9,10. However, the exponential increase of task-related functional MRI studies and the avalanche
of replication crises hampered the progress of theoretical rationale supporting the cognitive concepts
explored11,12. Consequently, the potential overlap, independence, granularity of the functions and gap
between them remain poorly known at the global level and would require a novel reliable  framework.

The recent blossoming of large dataset studies and the introduction of the meta-analytic approach allow
for scrutinising the consistency of neuroimaging results13–17 and reducing the likelihood of false positive
errors18. The advent of new techniques such as dimensionality embedding allows the visualisation of the
complexity inherent in large data by reducing its dimension, allowing probing of the neural cognitive
systems as a whole19,20. Dimensionality reduction applied to neuroimaging data indicates that a few
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embedding components can describe the underlying pattern of functional activation in the brain21. Yet,
the current spectrum of cognitive domains is limited in its theoretical scaffolding (i.e. epistemology)
challenging the establishment of a comprehensive understanding of the brain-cognition
organisation11,12. Exposing and overcoming the gaps in the current brain-cognition knowledge will require
a framework to estimate the degree of logic in the organisation between the functions explored so far – a
  rationality index. The rationality index, and the underlying structure of our knowledge it represents, will
allow new epistemologically unbiased avenues for fMRI exploration. 

To extract a latent structure capturing the current brain-cognition knowledge and reveal its rationality we
used Neurosynth, the most comprehensive meta-analytic fMRI database (n = 506 meta-analytic maps,22),
to compute a two-dimensional space embedding -the brain-cognition space (BCS). Each meta-analytic
map was parcellated according to the Multi-Modal Parcellation23, and the AAL324,25. This multi-atlas
approach was used to obtain a comprehensive anatomical representation of the maps. The parcellated
maps were then embedded using the Uniform Manifold Approximation and Projection method UMAP,26).
UMAP estimated the similarity between the meta-analytic activation maps and represented it as the
euclidean distance between one map and another — thus de�ning the brain-cognition space (BCS, Figure
1a). In other words, BCS represents the relationship between brain functions as we know it. The resulting
space had a neuron-like architecture and clustered speci�c cognitive domains along different branches
(e.g. attention, motor, language). Nevertheless, the centre of the space gathered dissimilar cognitive
functions (e.g. consciousness, spatio-temporal). The BCS structure incorporates the theoretical and
methodological strengths and liabilities of thirty years of fMRI research. Thus, the space properties were
leveraged to test the degree of logic in the organisation of functions statistically, measuring the
rationality index as the predictability of each functional map from its shared similarities with the others.

To measure the predictability of a map, its euclidean distances from other maps were used as an
independent variable and the other meta-analytic maps (n = 505) were included as the dependent
variable. The correlations between the measured and the predicted maps (resulting from the 506
regression models) were computed, revealing their level of predictability, or rationality index. The higher
the index, the higher the predictability of each map (Figure 1a). Highly predictable maps were mainly
located in the neuron branches of the BCS, while its centre was the least predictable. These results
indicate that some cognitive functional maps have been less rationally explored with respect to the better-
segregated functions. Statistical analysis indicated that the rationality index of functions in the left
hemisphere was signi�cantly higher than in the right (t = 4.2, df = 505, p-value <.001, Figure 1c),
indicating that an interhemispheric epistemological imbalance exists in the human brain.

Regression analysis between the measured meta-analytic maps and their rationality index revealed the
brain areas that were best predicted. These highly predictable areas included motor, auditory, and primary
somatosensory cortices together with the medial temporal (MT) cortex, premotor cortex, frontal and
parietal eye �elds, supplementary motor area (SMA), caudate, putamen, pallidum, substantia nigra, red
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nucleus and basal forebrain in both hemispheres, and ‘Broca’s area’ in the left hemisphere (Figure 2a,b).
Accordingly, these areas correspond to brain regions that are the best characterised epistemologically.

 The map of the highly characterised structures was compared to the �ve resting-state gradients that
summarise in a data-driven way the brain activations driving human cognition21. The results revealed a
signi�cant negative correlation with the �rst and second gradients (rho = -0.3 and rho = -0.48 both with p-
values < .001; Figure 2 c,d). This �nding indicates that the functionally best-characterised areas
correspond to negative values on these two gradients and colocalise mostly with unimodal brain systems
with the exception of the SMA, inferior frontal gyrus (Broca territory) and the frontal and parietal eye
�elds. Accordingly, the characterisation of heteromodal systems would require a more systematic,
rational investigation of the already described functions, and the BCS vacant locations -gaps- that are yet
to be explored.   In order to test whether the BCS can provide a rational framework to �ll these gaps we
attempted to predict the meta-analytic activation maps of missing (i.e. undetermined) functions. As a
proof of concept, unexplored functions located in the aforementioned gaps were validated with out-of-
sample maps, including new (delivered by Neurosynth after 2017) meta-analytic activation maps (n = 13;
Figure 3a) and recent independent functional MRI work released after 2017 (https://neurovault.org/; n =
19; see Supplementary Material Table 1 for a description of the works; Figure 3b). A total of n=32 new
activation maps were projected in the BCS, and they landed on empty locations of the BCS
(Supplementary Figure 1). As described before, we statistically compared these new maps with their
predictions. Results indicate that new maps landing close to rationally explored functions were reliably
predicted, ranging from low to high effect size (0.1< r >0.5).

Discussion
We established a new model of the brain organisation of cognition – the BCS – as derived from the
largest meta-analytic database of task-related fMRI. This organisation demonstrated that some functions
were better characterised epistemologically, based on their segregation in the BSC, than others,
particularly when involving primary cortices (e.g. precentral gyrus, visual cortex). Additionally, the BCS
allowed for the prediction of epistemologically unavailable functions that could be validated with recent
�ndings in neuroimaging. Overall, the framework we propose will contribute to a more rational exploration
of cognition.

Cognitive domains are clustered within each BCS branch following a   neuron-shaped architecture,
suggesting a fractal geometry of the relationship between brain structures and functions27. The position
of the cognitive domains on each branch re�ects their mutual relationship within and between branches
(see Supplementary Materials for an extensive discussion). For instance, meta-analytic activation maps
for reward, learning, and prediction can be found within the decision-making branch. Between branches,
the proximity of functions such as emotion and decision-making re�ect their close interaction28. By
contrast, the striking difference in the anatomical pattern of auditory-modality fMRI task necessitates
further queries on the possible in�uence of stimuli modality in activation studies. In fact, the pronounced
difference in the auditory cluster could be biased because other cognitive domains are systematically
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investigated using, at least partly, visual tasks. Hence, the BCS highlights the strengths and weaknesses
in the rationality of cognition as we know it and is a critical step toward its objective improvement.

Some functions are better epistemologically investigated following a gradient distributed from the centre
to the periphery of the BCS. This �nding exposes the limitations faced by fMRI studies in the past
decades. Together with sample size17,29 and strength of activation30, the quality of fMRI-designed tasks
weighs heavily on the reliability of fMRI activations31,32. While previous studies established test-retest
reliability of motor, perceptual, and higher-cognition tasks and consistency of the participation of brain
structures in speci�cfunctions33–36, other experimental tasks poorly replicate37.   The poor
epistemological characterisation of the psychological construct behind the explored cognitive functions
and �aws in the experimental design affect the speci�c targeting of the function of interest38,39. The
�ndings of this study reveal the reliably explored functions in 20 years of fMRI literature. We suggest that
the low rational index of the maps located in the centre of the space re�ects the low epistemological
characterisation of their corresponding functions.

In contrast with task-related fMRI, the data-driven decomposition of resting state fMRI can serve as a
point of comparison for the epistemological bias. Gradient theory has shown that resting-state brain
activation can be summarised according to the main trend of activation of unimodal to higher-cognition
regions21. Accordingly, our results indicate brain areas that are epistemologically best characterised are
mostly located within unimodal systems, with some exceptions for monitoring, language and attentional
systems (see Supplementary Materials for an extensive description). Furthermore, comparisons between
the left and right hemispheres revealed a rational index asymmetry. Some functions are more lateralised
than others (e.g. 40,41), and our results indicate that the right hemisphere has been less rationally explored
and should be prioritised in future cognitive investigations using new tasks. 

Such endeavour in the rational exploration of new functions is now feasible since our results
demonstrate that new task-related activation maps can be predicted and populate the gaps within and
between the BCS branches. Moreover, the prediction of activation maps demonstrates the anatomical
�uidity of the transition from one domain to another, suggesting that functions are not strictly segregated
but rather �uidly expressed in the brain. Hence, rather than hampering novel explorations, the BCS
organisation and predictive framework should be used as an instrument to guide intuitions in exploring
the fabric of human cognition built within rational constraints.

Methods
Meta-analytic data thresholding and parcellation

Brain functions were derived from the open-access Neurosynth22 database, an automated platform that
computes whole-brain meta-analytic activation maps for speci�c cognitive terms. The meta-analytic
maps indicate the strength of the activations associated with a speci�c term as a z-score for each brain
voxel. The meta-analytic dataset used in the present study includes 506 functions representative of the
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state-of-the-art in the exploration of the anatomy of brain cognition from 1997 to 2017 (11406 literature
sources) that were manually curated and validated in a previous study41. To allow for the replication of
the quantitative relationship between the maps (see Supplementary Materials), only the meta-analytic
activation maps that were also available in the 2021 Neurosynth collection were selected. 84 meta-
analytic maps missing from the 2021 collection were excluded from the original dataset of41.

The 506 meta-analytic maps (Neurosynth 2017) were thresholded at z=3.4 (p=0.000337) to ensure the
generalisability of the brain-cognition architecture to recent meta-analytic data. Neurosynth applies a
threshold of z=3.4 to meta-analytic maps obtained after 2017 to correct for multiple comparisons. 

Each map underwent a comprehensive cortical (MMP,23) and subcortical (AAL3,24,25) parcellation. We
thus obtained a total of 440 brain parcels per meta-analytic map and extracted mean z scores for each
parcel.

The thresholding and parcellation were applied in FSL (fslmaths and fslstats respectively,
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL).

Brain-cognition space embedding

The Uniform Manifold Approximation and Projection (UMAP,26) algorithm was used to reduce the
dimensionality of the parcelled meta-analytic dataset in a two-dimensional embedding space. 

UMAP is a non-linear low-dimension projection technique that learns the manifold structure of data while
retaining its core organisation in a lower dimensionality embedding26. UMAP was applied using the
eponymous UMAP Python library (umap-learn.readthedocs.io) with default parameters. Speci�cally, the
space was built in two dimensions to foster the interpretability and successive manipulation of the data
organisation; the algorithm used the information of 15 local neighbours to learn the manifold structure of
the data points; 0.1 minimum distance was allowed by the algorithm to pack the data; the Euclidean
metric was used for the data embedding. In the embedding, maps with similar activation patterns
clustered together, while different maps spread apart. The Python library Pickle stored the embedded
transformation of the meta-analytic dataset as a Python object, allowing the dimensionality reduction
and projection of external data in the same embedded space (https://github.com/vale-
pak/BCS/tree/BCS_computation).

Rationality index computation 

The spatial relationship between meta-analytic activation maps was exploited to test the predictability of
the anatomy of each of the functions and obtain a novel index that we will address as a rationality index
because it has the property to summarise the embedding space underlying the organisation.

The linear spatial relationship among the maps was computed as the shortest distances (Euclidean
distances) between the maps embedded in the BCS. The pattern of activation predicted for each map
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was obtained by voxel-wise linear regressions in FSL’s
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise/UserGuide) randomise where the distances were set as
dependent variables, and the 505 maps used to build the BCS (506 - 1 to-be-predicted map) as
independent variables. Since the resulting t-stat maps underwent further transformation and thresholding,
no permutation was applied to correct for multiple comparisons during the linear regressions. Hence, the
506 t-maps were transformed into z-maps and thresholded at a z=3.4 to allow for the comparison with
the measured meta-analytic maps. The rationality index was computed as Pearson's R using fslcc in FSL
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Fslutils), comparing each measured meta-analytic map to the
corresponding predicted z-map. 

Rationality index laterality

The parcels of the 506 predicted maps were divided into left and right hemispheres parcels, and the mean
z-statistic of left and right structures was computed for each predicted functional map. Then, the t-test
comparison was conducted in JASP (https://jasp-stats.org/) to explore the mean rationality index
differences between the left and right hemispheres.

Rationality map computation and correlation with activation gradients

The rationality index computed for each of the 506 meta-analytic maps was used as an independent
variable in a linear regression with the measured maps as dependent variables via randomise tool of FSL
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL/randomise). The regression allowed the identi�cation of
structures associated with high rationality index. To test whether the rationality pattern of this map
corresponded to a typical gradient activation, Pearson's correlations were computed between the obtained
rationality map and each of the �ve activation gradients21.

Embedding transformation and prediction of new functions

New, undescribed meta-analytic and raw-data functional activation maps were used for testing the new
functions' prediction power of the BCS (https://github.com/vale-pak/BCS/tree/New_maps_projection). 

Thirteen new cognitive terms and corresponding meta-analytic maps that were not included in the 2017
dataset were retrieved from the 2021 version of Neurosynth (14371 literature sources). The same
exclusion criteria applied for the selection of 2017 maps were used41. Brie�y, terms referring to studies on
neurodevelopmental and brain disorders were not taken into account.

The selection of raw functional activation maps of new studies (i.e. published after 2017) was conducted
on Neurovault (https://neurovault.org/). We scrutinised the repository for task-related activation maps of
studies published after 2017 using the branches' cognitive domains or the functions with the highest
rationality index as keywords. Studies involving psychiatric and pathological populations were not
considered. Nineteen new activation maps were selected. When necessary t-stat maps were transformed
into z-maps, registered to the MNI152 and thresholded at z=3.4.
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All the test data maps (the new meta-analytic and raw activations datasets) underwent the same
parcellation as the 2017 maps. Then, UMAP allowed for the two-dimension embedding of the new test
data based on the previously de�ned BCS embedding. Coordinates of the locations of each new map
were extracted in the BCS space.

The Euclidean distances between each new map and the 506 BCS-measured maps were exploited as the
dependent variable in the linear regressions to predict the anatomy of the new maps. The t-stat maps
resulting from the linear regressions were transformed into z-maps, thresholded at z=3.4, and parcellated.
The rationality index between the measured and predicted test data were computed using Spearman's
correlations.
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Figures

Figure 1

The Brain-Cognition Space (BCS) and the rationality index. a) In the BCS, similar functional meta-analytic
maps cluster together. The colour bar indicates the rationality index (i.e. the degree of logic in the
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organisation between functions). Corresponding cognitive domains are indicated next to each branch. b)
Representative examples of the best (listening) and worst (consciousness) measured (left) and predicted
(right) pair of meta-analytic maps. The colour bar represents the z-statistic of voxels from the Neurosynth
meta-analysis maps (measured) and voxels resulting from the voxel-wise linear regression (predicted). c)
The difference between the mean rationality index of the left (blue) and right (orange) hemispheres. *, p <
0.001. Lines, boxes, whiskers and dots represent the median, quartiles, distribution, and observations.

Figure 2

Epistemologically best-characterised areas and their relationship with the data-driven domain-wise
organisation of brain functions (i.e. resting-state fMRI gradients). a) Left and right lateral (top), left and
right medial (bottom) views and 3D reconstruction of and coronal view of the brain structures that are the
best characterised functionally (rationality map). b) Rank scatter plot of the strongest correlation between
the rationality map and the second gradient. The regression line is shown in red. c) Spearman correlation
between the rationality map and the �ve resting-state fMRI gradients. *** = p < .001, ** = p < .01. Broca:
Broca’s area. Ca: caudate nucleus. PEF: parietal eye �eld. PMC: premotor cortex. PrCG: precentral gyrus.
PsCG: postcentarl gyrus. Pu: putamen.
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Figure 3

Prediction of unexplored functions with the BCS. Example of Spearman rank correlation between the
predicted activations and the later (after 2017) reported (a) meta-analytic and (b) independent fMRI
maps. Bar plots indicate the rationality index for (c) meta-analytic and (d) independent fMRI maps. For
each new map, bar colours indicate the rationality index of their �ve nearest neighbours in the BCS (Rn5).
*** = p < .001, ** = p < .01, * = p < .05. ρ: spearman's rho. X and Y coordinates represent each measured
map's location in the space (see supplementary Figure 1 for a visual representation).
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