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ABSTRACT

Functional brain connectome analysis models brain connec-
tivity as a network, where nodes represent brain regions and
edges capture their functional interactions. Existing methods
mainly rely on predefined atlases (e.g., AAL) to partition the
brain and extract regional signals. However, these predefined
atlases lack task specificity and cannot capture individual
variability, limiting their effectiveness in clinical predic-
tion. To address these challenges, we propose AFCON, an
atlas-free framework that jointly optimizes brain parcellation
and connectome analysis in a task-driven manner. AFCON
adaptively generates individualized, task-specific parcella-
tions directly from fMRI data, ensuring better alignment with
downstream predictions and offering enhanced interpretabil-
ity. Moreover, we introduce two neurobiologically informed
regularizers to ensure plausible parcellations: a spatial com-
pactness regularizer to promote anatomical coherence, and
a balanced distribution regularizer to mitigate extreme par-
cel size imbalances. Experiments on ADHD and ADNI
datasets show that AFCON achieves robust predictions, and
importantly, identifies disease-relevant brain regions that
reveal disrupted functional connections, improving both in-
terpretability and clinical relevance. The code is available at
https://github.com/LearningKeqi/AFCON.

Index Terms— Functional Brain Connectome Analysis,
Atlas-Free, Task-Driven Parcellation

1. INTRODUCTION

Functional connectome analysis models the brain as a net-
work of regions of interest (ROIs) connected by statistical de-
pendencies [1, 2, 3, 4]. Such network representations have
been shown to capture meaningful neural patterns that pre-
dict cognitive function and characterize alterations linked to
neurological and psychiatric disorders [5, 6].

The effectiveness of brain connectome analysis hinges
on how brain regions are defined as network nodes. The
common practice is to select one of many well-established
brain atlases (e.g., Harvard—Oxford [7], AAL [8]) for node
definition. However, choosing a suitable atlas for a particular
research question is non-trivial, especially given the wide
heterogeneity of brain functions and cognitive processes. A
mismatched atlas may blur critical functional distinctions,
diminishing the predictive power of the resulting connectome
structure. Besides, most existing atlases, either derived from
group-level anatomical or functional data, are not tailored to
specific downstream task. Such generic, group-level parcella-
tions may overlook task-specific functional topographies and
fail to capture individual variability, which is increasingly
recognized as essential for understanding brain-behavior re-
lationships. To mitigate these issues, recent studies have
proposed atlas-initialized adaptive parcellation strategies [9],
which initialize from a well-established atlas and progres-
sively adjust the atlas boundaries during model training. Such
adjustment remains highly biased toward the predefined atlas,
hindering the discovery of novel task-specific functional or-
ganization. In contrast, a growing body of work has begun to
explore atlas-free connectivity analysis [10, 11], which com-
pletely removes the dependence on any predefined atlas and
instead learns brain parcellations directly from neuroimaging
data. Nevertheless, most of them have primarily focused on
structural MRI (sMRI) and diffusion tensor imaging (DTI),
while fully functional MRI (fMRI)-based approaches remain
underexplored.

In this work, we propose an end-to-end, Atlas-Free func-
tional brain CONnectome analysis (AFCON) framework
driven by the downstream prediction task. Unlike methods
that rely on predefined atlas, AFCON learns task-specific,
individualized parcellations directly from fMRI data, which
are optimized to enhance subsequent analyses. Specifically,
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Fig. 1: The overall framework of AFCON. Each blue box corresponds to a multi-channel feature map. The number of channels

is denoted on top of the box.

AFCON consists of two interconnected modules: an adaptive
parcellation module, which segments the brain volume into
non-overlapping ROIs, followed by a graph-based connec-
tome analysis module, which constructs a brain graph based
on the generated ROIs and makes predictions. By jointly
optimizing both parcellation and downstream connectome
analysis, the model adaptively discovers functionally mean-
ingful regions that are closely aligned with the prediction
task, thereby revealing potential biomarkers and enhancing
interpretability. To further ensure neurobiologically plausi-
ble parcellations, we introduce two specialized regularizers
grounded in established neuroscientific principles [12, 13]:
a spatial compactness regularizer to promote anatomically
coherent regions, and a balanced distribution regularizer
to prevent extreme imbalances or domination by oversized
ROIs. Experiments on ADHD [14] and ADNI [15] show
that AFCON consistently achieves robust and competitive
predictions while unveiling disease-relevant brain regions,
enhancing both interpretability and clinical relevance.

2. METHOD

The overall framework of the proposed AFCON is illus-
trated in Fig. 1. Formally, the input is a set of N sub-
jects, each represented by a four-dimensional fMRI volume
X, € RWXHXDXT \where W, H, D denote the spatial di-
mensions and 7" represents the number of time points. This
study focuses on the cerebral cortex by masking out non-
cortical regions, so that only cortical signals remain in X,,.
The model outputs a clinical outcome g, (e.g., a brain disor-
der prediction). Besides, it produces a task-driven, subject-
specific brain parcellation P,,, which assigns each cortical
voxel to one of K non-overlapping ROIs as an intermediate
of the end-to-end pipeline. The generated parcellation high-
lights functionally relevant brain regions and offers insights
into the underlying neurobiological processes.

Adaptive Brain Parcellation. Let X,, € RWVXH*XDXT de_
note the fMRI volume for subject n. Following the time-as-
channels paradigm [16], we treat the temporal dimension as
input channels and apply a 3D convolutional layer to jointly
aggregate temporal dynamics while preserving the spatial
topology of brain voxels. The extracted spatiotemporal fea-

tures are then fed into a standard 3D U-Net [17], a widely
used architecture for voxel-level segmentation in neuroimag-
ing, whose encoder—decoder structure enables hierarchical
integration of global and fine-grained functional patterns, fa-
cilitating the delineation of coherent brain regions. The 3D
U-Net outputs voxel-level logits L,, € RW*HXDxK 'yhere
K is the number of ROIs. To focus on the cerebral cortex,
a binary mask M € {0,1}"W*H*D g applied, retaining
only cortical voxels as Lff”e”” € RY*K where () denotes
the number of cortex voxels. The voxel-wise soft parcella-
tion S,, € R¥*X is then obtained by applying a softmax
operation along the ROI dimension, where each row of S,,
sums to 1. Since downstream connectome analysis requires
non-overlapping ROI labels, we use the Gumbel-Softmax
to L& to produce differentiable one-hot assignments
P, € {0,1}@xK,

To ensure neurobiologically plausible parcellation, we in-
troduce two specific regularizers grounded in established neu-
roscientific principles as follows:

Spatial Compactness Regularizer. Neuroimaging evi-
dence indicates that functionally homogeneous brain areas
are typically spatially contiguous [12], while scattered par-
cellations could compromise both biological fidelity and
interpretability. We design a spatial compactness regular-
izer that promotes local geometric coherence within each
ROL Let coord, € R3 denote the 3D coordinates of
the v-th voxel. For each subject n gnd ROI &, we define
> oy coord, sy, (V)

=T, spn0) €
spatial variance of ROI £ around its centroid is given by
9 | snk(v)|[coord, —cn k|2

35 Sk (v)
all subjects and ROIs yields the final compactness loss
Leompact = 25:1 Zszl Vary, . Minimizing Lcompact favors
spatially coherent ROIs, aligning with the biological princi-
ple that functionally specialized regions tend to be localized

rather than dispersed.

a weighted centroid as ¢, =

Var,, = . Summing across

Balanced Distribution Regularizer. Highly imbalanced
ROI sizes can distort functional connectivity measures by
conflating distinct neural signals within oversized parcels
[13]. Such effects reduce sensitivity to region-specific in-
teractions, and smaller ROIs may be overshadowed in subse-
quent network analyses. We therefore propose a balanced dis-




tribution regularizer to prevent extreme imbalances by over-
sized ROIs. Given the soft parcellation S,,, we first calculate

Q
the fractional size of ROI k as p, , = w, where

s,k (v) denotes the probability of voxel v being assigned to
ROI £ for subject n. To discourage any single ROI from dom-
inating, we penalize deviations from a uniform distribution

u = [+,..., 7] by minimizing KL divergence-based loss

»Cbalance = 227:1 KL(pn || ll), where Pn = Lpn,lv e apn,K]~
Note that this term is a soft constraint alongside the prediction
and spatial compactness objectives, encouraging comparable
ROl sizes rather than enforcing strict uniformity.

Graph-based Connectome Analysis. The parcellation P,,
is used to compute ROI-level signals by averaging voxel time
courses within each ROI. From these averaged signals, a func-
tional correlation matrix C,, is computed via Pearson corre-
lation among ROIs. Following BrainGNN [5], only the top
10% of positive values from C,, are retained, resulting in a
sparse functional brain network matrix A, € REXK  We
choose Graph Convolutional Network (GCN) as the predic-
tor due to its simplicity and widespread application in graph-
based learning tasks. It takes A, and the initial node features
H,, (defined as the connection profile, i.e., the rows of C,,) to
produce the final prediction: ¢, = GCN(A,,, H,,). A super-
vised cross-entropy prediction loss, Ly, is then generated to
jointly train the GCN and the parcellation module.

Overall Training Process. In the early stages of training,
under-informed brain parcellations lead to low-quality and
unreliable connectivity for the graph predictor, creating a cold
start that can hamper subsequent learning. To address this is-
sue, we employ a two-stage training strategy: we first opti-
mize only the parcellation module using Lyaiance and Leompact-
After E epochs of this warm-up phase, we unfreeze the GCN,
introduce the prediction loss Lpq, and jointly optimize £ =
Lopred + @ Lpatance + BLcompact, Where « and 3 are weights of
two regularizers respectively.

3. EXPERIMENTS

Datasets. We use two publicly available resting-state fMRI

(rs-fMRI) datasets, both preprocessed with fMRIPrep pipeline.

(1) ADHD-200 [14]. It includes 569 subjects with 246 ADHD
patients (43.2%) and the rest as healthy controls (HC). Each
subject’s fMRI data is a 4D volume of size 97 x 115 x 97 x 64.
(2) ADNI [15]. The original dataset is highly imbalanced.
Following [18], we randomly sample 100 Alzheimer’s disease
(AD) patients and 100 healthy controls for evaluation. Each
subject’s fMRI data is a 4D volume of size 91 x109x91x197.
Baselines. We compare AFCON with representative connec-
tome analysis models, including GCN [19], GAT [20], spe-
cialized graph deep learning methods tailored for brain anal-
ysis: BrainGNN [5], BrainGB [2], BrainNetTF [1], Neuro-
Graph [3], and a CNN-based model BrainNetCNN [4]. We
also include RefineNet [9], an atlas-initialized adaptive par-

Table 1: Overall Prediction Performance (meanzstd, %).
Gray denotes best; underline denotes second best.

Model ADHD ADNI
ACCt AUCt F17 ACCt AUCT F1t

GCN 59.746.2  63.2169 48.31127 | 60.5401  65.7492 63.4+58.3
GAT 57.7T+29 60.3137 53.61100 | 56.0425  59.4191 55.445.7
BrainGNN 53.2438 55.243.7 50.3+7.0 51.045.4 52.346.3 53.245.5
BrainNetCNN | 56.013.3 58.746.4 52.146.7 58.5+4.6 65.9478  53.6+10.1
BrainGB 56.742.7 58.3+4.4 46.046.1 56.545.8 59.7T44.9 58.247.2
BrainNetTF 59.845.4 63.8477 45.0+22.8 | 59.545.3 62.343.8 59.7+8.6
NeuroGraph 56.545.4 594143 57.61a7 | 56.5185  57.64s2  58.9+11.1
RefineNet 56.5442 61.2334  44.0197 | 57.0471 613175 54.84236
AFCON-48 632127 65.6421 56.8435 625165 66.1173 62.6457
AFCON-90 60.0+4.9 63.5+31  50.7+12.0 | 61.5441  65.6+56 61.5+59
AFCON-200 618109 629120 479168 | 62.0451  66.7142 59.8+75
AFCON-360 61.14+3.9 634457 49.8+11.6 | 59.543.3 65.142.7 55.116.8

cellation method. Since baseline methods rely on predefined
atlases and the optimal atlas choice may vary across datasets
and models, we evaluate each baseline using all four widely
adopted atlases: Harvard-Oxford 48 [7], AAL 90 [8], Schae-
fer 200 [21], and HCP 360 [22]. Table 1 reports the results
of the best atlas configuration for each baseline.

Implementation Details. Prediction tasks are binary classi-
fication evaluated by Accuracy, AUC, and F1. Data are split
into 60%/20%/20% for training/validation/testing, and results
are averaged over five runs. Models are trained for 100 epochs
using Adam (batch size 4), selecting checkpoints by the best
validation AUC. AFCON uses K € {48,90,200,360} to
align with well-established atlas scales. The 3D U-Net adopts
a standard encoder—decoder (channels {32, 64, 128}), and the
predictor is a 2-layer GCN (hidden size 32). The warm-up pe-
riod £ = 20 epochs. The regularizer weight « is tuned from
{1,2,5}, B is tuned from {3e=3,5¢73, 1e~2, 2¢~2}. Hyper-
parameter tuning is also conducted by grid search for all base-
lines. Full configurations are available in the code repository.

Prediction Performance. As shown in Table 1, AFCON
consistently achieves competitive or superior prediction per-
formance compared to atlas-based baselines (both fixed and
adaptively refined). In particular, AFCON with K = 48
yields the best overall performance on ADHD, achieving
the highest accuracy and AUC while maintaining strong F1
scores. Similarly, on the ADNI dataset, AFCON achieves
competitive performance, with K = 48 providing the best
overall balance across ACC, AUC, and F1, and K = 200
yielding a strong AUC. These results highlight the potential
of learning task-aware parcellations directly from fMRI data
without relying on predefined atlases, allowing AFCON to
better capture functionally relevant brain regions and con-
struct more informative connectomes.

Quantitative Analysis of Learned Parcellation. To quan-
titatively evaluate AFCON’s task-driven parcellation, we
employ two standard metrics: Region Homogeneity and
Inter-subject Consistency [23]. Region homogeneity is cal-
culated as the average correlation between each voxel’s time
course and ROI’s centroid time course, which is then av-
eraged across all ROIs and test-set subjects. Inter-subject



—w— ADHD

H

%095 ADHIL /\-
‘-’ 0.90 “//

?_ 085

—ty 200 360 a8 90 200 360 R = K 90 K=200 K=360
N mber of ROIs Number of ROIs of ROIs

(a) Region Homo- (b) Region Homo- (c) Inter-subject Con-
geneity on ADHD  geneity on ADNI sistency

Fig. 2: Quantitative Analysis of Learned Parcellation

Q& @ d @%’a&\
QS e a2
e @
S @

(d) ADNI 48 ROIs

(c) ADHD Patient

&gk

(f) ADNI Patient

(b) ADHD HC

(e) ADNI HC

Fig. 3: Qualitative Analysis of Learned Parcellation. (a)(d)
Task-driven parcellation obtained from ADHD and ADNI
datasets, the red arrows indicate statistically significant ROIs.
(b)(c) and (e)(f) The color of regions represents the significant
ROIs’ importance in the given group.

consistency is assessed by computing the Dice coefficient be-
tween every pair of parcellations in the test set and taking the
average. We compare AFCON at multiple granularities with
well-established atlases and random parcellations of the same
resolution. As shown in Fig. 2(a)-(b), AFCON’s parcellations
achieve overall higher region homogeneity compared to both
well-established atlases and random parcellations, reflecting
more functionally cohesive ROIs. The strong inter-subject
consistency shown in Fig. 2(c) indicates that AFCON not
only accommodates individual variability but also captures
a shared brain organization across subjects [23], which is
crucial for robust group-level analysis.

Qualitative Analysis of Learned Parcellation. Based on
Table 1, AFCON achieves the best overall performance on
both datasets when number of ROIs is 48. We therefore focus
on this configuration to identify disease-related biomarkers.
We first generate a group-level parcellation from test-set sub-
jects, by aggregating individual parcellations through voxel-
wise majority voting, then construct each subject’s functional
connectome from the consensus partition. We measure each
ROI’s importance via node degree and conduct ¢-tests (p <
0.05) comparing HC and patients. For ADHD, Fig. 3(a)-(c)
highlight significant group differences in ROIs located around
Precentral, Occipital, Fusiform, and Cingulum areas, corrob-
orating scientific findings of altered structure in these regions
for ADHD [24]. For ADNI, Fig. 3(d)—(f) reveal that the Pre-

cuneus, Inferior Parietal, and Middle Frontal regions exhibit
significant differences between HC and patient groups, con-
sistent with literature linking disrupted connectivity in these
brain regions to AD pathology [25].
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Fig. 4: Ablation Study of the Proposed Regularizers.

Ablation Study. To validate the roles of proposed regulariz-
ers, we create two AFCON variants by removing either the
balanced distribution regularizer (w/o BalDist) or the spatial
compactness regularizer (w/o SpaCpt). As shown in Fig. 4,
omitting any one of these regularizers leads to a notable drop
in predictions. In addition, removing the balanced distribution
regularizer causes the parcellation to be dominated by only
a few oversized ROIs, whereas removing the spatial com-
pactness regularizer produces fragmented, interspersed ROIs.
Both outcomes deviate from the neuroscientific principles un-
derlying feasible parcellations [12, 13], highlighting the im-
portance of these regularizers in achieving meaningful parcel-
lations for end-to-end brain connectome analysis.

4. CONCLUSION

We introduce AFCON, an atlas-free method for functional
brain connectome analysis that bypasses the non-trivial atlas
selection process. It achieves competitive predictions com-
pared with atlas-based methods and reveals disease-relevant
biomarkers in ADHD and AD cohorts, highlighting the poten-
tial for clinical diagnosis and treatment through task-specific
brain parcellation. Future work will extend AFCON to sub-
cortical regions and dynamic connectivity modeling.
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