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Figure 1: Common techniques for visualizing differences in brain activities, such as (a) canonical slices, (b) glass brains, or (c) surface
renderings require multiple views or sectional cuts for a comprehensive overview on the overall activity patterns. In contrast, our proposed
NeuroMaps (d) consolidate this information into a single, dense saliency visualization enhanced by parcellation outlines and additional visual
cues for providing context. We propose distinct light and dark color schemes, optimized for print and on-screen display, respectively.

Abstract

Readings of differences in statistical brain activity obtained from task-based or task-free neuroimaging experiments provide
essential insights for a wide range of neuroscientific analyses, including the study of cognitive functions and the comparison of
activity patterns across cohorts of individuals. Over the past decades, visualization techniques to show activity within the three-
dimensional brain volume have been developed. Most approaches have in common that they rely on multiple views to imply
spatiality, asking users have to mentally integrate them in order to achieve a coherent holistic understanding. This process is
particularly demanding if the results of several experiments are examined in conjunction for comparative analyses. We propose
NeuroMaps — a compact fingerprint design which summarizes spatial activity patterns in an intuitive and space-efficient manner.
By integrating all relevant information in a single image, NeuroMaps enables neuroscientists and other experts to quickly obtain
a coarse overview, rendering it a particularly useful tool for comparing large sets of neuroimaging results.

CCS Concepts

* Applied computing — Bioinformatics; * Human-centered computing — Scientific visualization;

1. Introduction

Brain functional imaging relies on different capturing techniques
such as functional Magnetic Resonance Imaging or Electroen-
cephalography to obtain estimates of brain activity in both spa-
tial and temporal dimensions. For the process of examining dif-
ferences in these activities — known as Statistical Parametric Map-
ping (SPM) — different neuroimaging methods have been developed
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which plot voxel-wise, parcellated or otherwise grouped statistical
values derived from task-based or task free experiments onto the
brain’s topological structure. This is used by neuroscientists and
other experts to pinpoint relevant areas, study cognitive functions,
or investigate (dis)similarities across cohorts of individuals. Tra-
ditional solutions to this end, are canonical slices through the so-
called gray-matter brain, overlayed with a color coding for sta-
tistical values (Fig. 1a), (semi)transparent or solid 3D renderings
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(Fig 1b and Ic), projections of the cortical layer, projections in
embedding space, or combinations thereof. They suffer from the
downside that multiple sources of information (i.e., multiple im-
ages) need to be considered simultaneously and mentally integrated
in order to obtain a holistic understanding of spatial activity pat-
terns. Such requires continuous content switching, inducing a sig-
nificant cognitive load [CS92]. In many analytical use cases such
as between-subject comparison, this problem is aggravated, as not
a single brain activity is considered, but several simultaneously.

Glyphs and visual fingerprints are an effective approach to con-
vey complex properties of data units in a compact manner [CS25].
We follow this direction by introducing NeuroMaps — a novel com-
pact fingerprint, showing the 3D image of statistical brain activities
integrated along a projection axis which maximizes between-region
separation as a planar map of saliencies (Fig. 1d). Additional visual
cues such as contour outlines of coherent structural or functional
regions, the outline of the whole brain, and a compass relating the
projection to the dimensions of the 3D brain, allows users to per-
ceive the brain morphology. Even though this does not allow for a
precise analysis in complex cases, it can serve as an intuitive com-
pact preview when reviewing numerous different results.

2. Related Work

The most basic (non-visual) technique of SPM is to use tabu-
lar representations of coordinates of the most significant differ-
ences [Smi04]. Due to the limited scalability and analysis capa-
bilities of this kind of representation, graphical variants quickly
emerged with colored activity ‘patches’ overlayed on a gray matter
brain image [FHW*94] (Fig. 1a) being among the first visual solu-
tions. Slices through the 3D volume are commonly placed at rep-
resentative locations, corresponding to sagittal, coronal, and tra-
verse cuts. The coloring of patches is used to reflect statistical val-
ues, such as t-values or z-scores. A limitation is that solely activ-
ity in the vicinity of the cut planes is visible. The so called Glass
Brains [Mad15] or Maximum Intensity Projection images (Fig. 1b)
propose a solution to this problem, by integrating over the activities
along the view axis (perpendicular to the cut plane). In the example,
it can be observed that this method is able to reveal several hidden
activity clusters, but still faces challenges if both positive and nega-
tive values are aggregated. The projection step of the NeuroMaps is
inspired by this idea, but — opposed to having fixed projection axes
— we determine an activity-based projection, leading to a maximal
separation between clusters of common activity and region.

Other common visualizations are surface-based, i.e., 3D render-
ings of the gray-matter brain (Fig. 1c), with respective heatmaps for
indicating active regions. There are also dedicated solutions for the
cerebral cortex, the outermost wrinkled area of the brain respon-
sible for many high-level functionalities. Due to its thin layered
morphology it is often treated as a surface and thus visualized as a
‘flattened’ or ‘unfolded’ 2D image known as cortical sheet or corti-
cal flat map [DVEA*96]. Bolafios-Puchet et al. [BTH*24] combine
this unfolding idea with a projection scheme to generate intuitive
laminar brain atlases for the isocortex of the mouse. For specific
fields of neuroscience, such as neuropharmacology, human genet-
ics, or neuroanatomy, a gene expression map, such as the Allen
Brain Atlas [HLG*12] are used.

Several open-source software solutions, such as the Multi-image
Analysis GUI [HLM], support the generation of above-mentioned
visualizations. Both MRIcron [Ror25] and nilearn [CFR*26]
provide encompassing tool sets for creating slices, mosaics,
surface renderings and glass brains. The browser-based neu-
rovault [GVR*15] allows the interactive analysis and sharing
of arbitrary brain images, while the (also browser-based) neu-
roglancer [MBS*21] also implements complex visualizations such
as for the brain’s connectome [SYB*24].

3. The NeuroMaps Design

The pipeline for generating the NeuroMaps consists of three core
steps, as shown in Fig. 2: (i) an (optional) morph step (Sec. 3.1),
slightly altering the 3D brain structure into a more favorable shape
leading to a better separation of structural brain regions; (ii) a pro-
jection step (Sec. 3.2) for finding an optimal projection angle; and
(iii) a postprocessing step (Sec. 3.3) for computing saliencies in
projection space and drawing additional visual anchors. As input
we require both brain activity based on a stimulus and a parcella-
tion — labels organizing the brain into functional or structural units.
Regarding the prior, a Voxel-wise Encoding Model (VEM) [DLT V-
DOCG25] can be used to translate a signal obtained from a certain
stimulus into voxel-wise brain activity. This is, however, beyond the
scope of this paper, as we assume to receive this input in already-
translated format, which is the common output of respective stud-
ies. The established standard to this end (MNI-152 [FEB*11]) de-
fines an isotropic voxel grid RM*M XN with N, = 91, N, = 109,
N; =91 or Ny = 182, Ny = 218, N; = 182, corresponding to physi-
cal voxel resolutions of 2 mm or 1 mm, respectively. The same file
format is common for parcellations.

Input:

Stimulus
I . Output:
VEM nputt NeuroMaps
Parcellation
v I}
Brain Morphing Projection Saliency Map

(Sec. 3.1) (Sec. 3.2) (Sec. 3.3)

Figure 2: Schematic overview of the processing pipeline.

3.1. Brain Morphing

This step is optional, but we observe that in cases where many re-
gions exhibit activity, even the optimal projection sometimes re-
sults in several overlapping regions. Spherical projection has been
used to untangle the regions close to the cortical sheet [AWW*23].
This morphing is, however, not beneficial for the whole brain. In-
stead, we investigate a different modification for maximizing the
separation between structural components. As the morphology of
the human brain can be approximated by a dome, we employ
a combined ‘explosion’ movement, corresponding to a azimuthal
equidistant projection [SV89] in the horizontal plane, and vertical
movement in dorsal direction.

Let V =v C R? be the set of voxel locations in 3D space.
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7= (@sinA  —@cosh aw;) is v’s corresponding morphed po-
sition, with @ as v’s ‘azimuthal’ angle w.r.t. the volume’s center
C = (N¢/2 Ny/2 N;/2) in the horizontal plane and A as the
‘elevation’ angle spanning between v — C and the superior direc-
tion. a governs the strength of the vertical movement and 8(v) =

exp{fW} is a fast-decaying drop-off kernel for governing

the influence of the offset from the center, ensuring that regions far
away from the ‘core’ of the brain are only mildly affected.

This kind of morphing results in a completely deformed brain
topology, we empirically discovered, however, that slight transfor-
mations based on a linear interpolation between v and ¥ yield a good
tradeoff between fidelity and clarity. That is, we define the interpo-
lated mapping Tcﬁ(v) = v+B(5—v) governed by B, with 1°(v) = v
and 7! (v) = ¥ (Fig. 3).

p=2

Corong

y

Figure 3: For morphing the brain a vertical movement in dorsal
direction is combined with an explosion movement reminiscent of a
azimuthal equidistant projection in the horizontal plane. Left: brain
volume in its original state with the different colors for parcellation
regions. Right: The brain topology at different stages of morphing.

3.2. Projection

To determine a projection axis, which maximizes separation
between regional activity clusters, we leverage Fisher’s Lin-
ear Discriminant Analysis [Fuk13], which was generalized by
Rao [Rao48] to support multiple classes. This linear dimensionality
reduction algorithm defines a criterion
T
Xyl
maximizing the ratio between the between-class covariance Xp and
the within-class covariance Xy . We obtain the class-separation vec-
tor @, which is used as the projection axis, through the eigenvector
decomposition of ZVT,IZB. The between-class covariance is given
by

[K[—-1 |K]|
Sp= Y Y, opm(n— ) —pm)" )
n=1 m=n+1

with K as the index set of classes, and uy, t, and pn, pm as the
mean vectors and priori probabilities of classes n and m, respec-
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tively. Conversely, the within-class covariance is defined as

Ty =Y, ¥ (@) —u) (@ () — ) 3)

k=1i€Cy

To narrow down the analysis to brain regions experiencing the
most stimulus, it is common to subject the activities to a threshold.
As the considered activities A C RM>M >N gre typically signed,
we subject both the mask of voxels exceeding a given threshold
(i.e., positive mask) and the mask of voxels below the threshold
(i.e., negative mask) to a 26-connected neighborhood 3D connected
components analysis [Sil21] and unify the resulting index sets. 6
and 18-connected neighborhood were also tested, but lead to a
higher fragmentation and overall inferior results. With K as the
index set of components, we define {Cy}rck as the set of mask
indices for all component K. We can thus define the mean vector
and priori probability for k as

I B _ Yieg Al
ux = |C| () and pp= ot
iezt‘:'k Yh o1 Yiee, [Ai

respectively. Solving Eqn. (1) for o gives the corresponding pro-
jected positions Y = o{nP(v) € V} c R%.

)

3.3. Saliency Map

To visualize the activities in projection space, we use a saliency
map which is generated by integrating A along the projection
axis ®. After binning Y, a bi-directional histogram is computed
over the integrated activities. As the t-values and z-scores exhibit
both positive and negative intensity peaks, separate histograms are
computed over |.A| and A to differentiate between bins with over-
all high activity from bins where positive and negative contribu-
tions cancel each others out. While the prior are encoded in Neu-
roMap’s alpha channel (rendering regions without activity transpar-
ent), the latter serve as input for a perceptional uniform diverging
color scheme [Cral8], allowing to distinguish between regions of
positive, negative, or mixed activity.

A NeuroMap comprises additional visual cues which allows neu-
roscientists to put the displayed activities into context (Fig. 1d).
That is, a contour outline of the whole brain is drawn alongside
contours of functionally or structurally distinct regions, having
a substantial overlap (based on a given threshold) with the ac-
tivities. Said regions are given by brain parcellations, which or-
ganize brain volumes in labeled regions. To date, many differ-
ent parcellations, obtained though different methods, are available
[AKM™18]. In all shown examples, one carefully selected parcel-
lation (https://neurovault.org/images/1699/) from
the Harvard-Oxford cortical and subcortical structural atlases col-
lection [DSF*06, FCB*05, GSM*07, MGK*06] was used (Fig. 3).
The approach, however, is independent from the choice of parcel-
lation. The contour outlines of the affected regions are detected in
projection space after subjecting the affected regions to the same
projection as the activity. The external contours of the rasterized re-
gion masks are detected [Sb85], filtered, and subjected to a smooth-
ing [SG64] to remove high-frequency jitter. For connecting out-
lines to a legend, we use a qualitative color scheme generated by
Colorgorical [GLS17] after filtering out hue ranges already used
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Figure 4: Three selected z-scores results from a linked independent component analysis showing vastly different activity patterns. In each
row we show the ‘baseline’ references of canonical brain slices and glass brains alongside the NeuroMaps without morphing and with
B € {.2,.5}. The color coding of the saliencies follows the colorbars given in Fig. 1 for slices, glass brains and NeuroMaps, respectively.

Additional examples are provided in the supplementary material.

by the underlying saliency map. As qualitative schemes reach the
limit of minimal discernible difference with up to 6 different col-
ors [WQZ*25], we use the line style of contour as secondary chan-
nel if more regions are of relevance. To convey a sense of depth, the
contours are drawn in reverse order to their region’s offset along .
Lastly, a compass indicating the projection plane w.r.t. the canoni-
cal brain axes (c.f., Fig. 3, left) is drawn in the bottom left corner
of the fingerprint.

4. Use Case Example, Limitations, and Future Work

For showing the effectiveness of the NeuroMaps design, we present
three carefully selected examples (Fig. 4) of z-scores from a linked
independent component analysis of gut microbiota and brain activ-
ity [KSLA*21], exhibiting different inherent challenges. The code
for generating the NeuroMaps is available atht tps://github.
com/lenxn/neuromaps.git under the MIT license.

We observe that in most cases the projection strongly aligns
with the sagittal, coronal, or horizontal plane, which we attribute to
the mirror-symmetrical nature of most activities. The NeuroMaps
appear particularly useful in cases where activity is focused in a
few selected linearly separable regions. In cases of severe region-
overlap in the projection space (e.g., Fig. 4, bottom row), the dif-

ferentiation between regional activity clusters is impaired. Brain
morphing can solve this problem to some extent, but requires fur-
ther investigation. Driven by an objective function such as overall
region overlap, our next step will focus on the development and
analysis of more refined methods to this end.

5. Conclusions

NeuroMaps is a novel fingerprint design with the goal to convey
a maximum of visual information through a dense custom-made
visualization, which is particularly useful in small-multiples or
overview visualizations. To this end, we adapt and integrate exist-
ing processing techniques in an efficient pipeline. As the selection
of techniques represent opportunistic choices, our next steps will
include to scrutinize the effectiveness of each stage and subject the
approach to a thorough evaluation.
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