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Abstract. Graph-based models have shown promise in neuroimaging
by identifying abnormal functional brain connectivity in psychiatric dis-
orders. However, current approaches for functional Magnetic Resonance
Imaging analysis have several limitations. Most methods estimate con-
nectivity only from time-domain correlations, ignoring frequency de-
pendent phase synchronization that provides complementary informa-
tion about neural communication. In addition, existing models typi-
cally learn representations using diagnostic labels. For disorders such
as Major Depressive Disorder, these labels are heterogeneous and site-
dependent, which limits generalization across institutions and popula-
tions when labeled data are scarce. Finally, reliability and equity are
rarely considered during representation learning, leading to demographic
bias and inconsistent subgroup performance. To address these challenges,
we propose RESOLVE (Robust and Equitable Self supervised learning
for functiOnaL connectiVity modEling), a self-supervised multi-domain
connectome representation learning framework. RESOLVE employs dual
graph encoders to learn from correlation- and coherence-based connec-
tivity and promotes consistency across the two domains. We further in-
troduce a topology-preserving reconstruction objective that maintains
the intrinsic organization of the brain network. To improve reliability,
we learn demographically invariant representations by aligning subgroup
distributions in the latent space using an Optimal Transport objective.
Experiments on the REST-meta-MDD dataset demonstrate the effective-
ness of the proposed framework in balancing diagnostic performance and
demographic bias compared to existing methods. Source code is available
at: RESOLVE.

Keywords: Fairness - Functional Connectivity - Graph Neural Network.

1 Introduction

Neurological and psychiatric disorders pose a growing clinical burden, motivating
the development of reliable neuroimaging-based diagnostic tools. Resting-state

* These authors contributed equally as first authors.
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Fig.1: Overview of the RESOLVE framework, consisting of (a) a self-supervised
pretext stage and (b) a downstream diagnostic model. The pretext stage learns
representations from correlation- and coherence-based functional connectomes
using time and frequency GNN encoders. Intra-domain learning is performed
within each connectivity view, followed by a multi-domain aggregator. A func-
tional connectivity reconstruction module preserves network structure, and a
latent distribution alignment module reduces demographic discrepancies.

functional magnetic resonance imaging (rs-fMRI) enables non-invasive assess-
ment of brain function through Blood Oxygen Level Dependent (BOLD) signals
[11]. Functional connectivity (FC) networks derived from these signals model
brain Regions of Interest (ROIs) as nodes and statistical relationships between
regions as edges [16]. Graph Neural Networks (GNNs) have therefore become a
promising framework for analyzing such connectome data [5,1].

Most existing approaches estimate connectivity only from time-domain corre-
lations between BOLD signals. Correlation captures co-activation patterns, but
neural communication also depends on oscillatory synchronization. This informa-
tion can be reflected in the frequency domain through coherence. Brain networks
exhibit frequency-dependent organization, and abnormalities have been reported
in Major Depressive Disorder (MDD) [25,20,23]. Relying on a single connectivity
measure can therefore lead to incomplete connectome representations, motivat-
ing multi-domain connectivity modeling.

In parallel, recent work has highlighted bias in medical imaging models, where
predictions vary across demographic attributes [15,26]. Most mitigation strate-
gies operate in supervised classification settings [22]. However, neuroimaging
datasets often contain limited annotations due to the cost of reliable clinical la-
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beling, and label-dependent models frequently generalize poorly across sites and
populations. Self-supervised learning offers an alternative by learning directly
from unlabeled connectivity data [24]. Nevertheless, self-supervised models can
still encode demographic information present in the data [30].

In supervised settings, fairness can be explicitly enforced at the prediction level.
In contrast, self-supervised learning lacks access to task labels, requiring fairness
to be imposed directly in the latent representation through bias-invariant em-
bedding learning.

Multi-domain self-supervised learning has been explored for physiological time-
series signals [31]. In fMRI, however, the objective is to model interactions among
spatially distributed brain regions while preserving network structure. Conse-
quently, methods designed for signal-level representations do not directly account
for relational dependencies and network topology. Extending cross-domain con-
sistency to connectome representations, therefore, requires learning embeddings
that preserve interactions between regions across connectivity domains. More-
over, prior methods largely overlook bias-invariant representation learning.
This leads to the following research question:

How can complementary connectivity domains be jointly learned to
obtain structure-preserving and demographic-invariant brain network
representations in a self-supervised setting?

To address the question, we propose RESOLVE (Robust and Equitable Self su-
pervised learning for functiOnal. connectiVity modEling), a graph-based self-
supervised framework for equity-aware multi-domain functional connectivity learn-
ing. As shown in Fig. 1, domain-specific graph encoders learn representations
from each connectivity view using intra-domain contrastive learning on aug-
mented connectomes, and the resulting embeddings are fused into a unified rep-
resentation. To preserve intrinsic network organization, we introduce a topology-
preserving reconstruction objective that maintains relational structure across
regions and domains. An Optimal Transport—based alignment module further
reduces demographic distributional discrepancies in the latent space, producing
population-consistent representations. Our contributions are:

@ Fairness-aware self-supervised connectome learning. We propose RESOLVE,
a graph-based self-supervised framework that learns multi-domain functional
connectivity representations without diagnostic labels.

0 Structure-preserving multi-domain representation learning. We in-
troduce a topology-preserving reconstruction objective that retains intrinsic in-
teractions between brain regions across connectivity domains.

® Demographic-invariant representations and improved reliability. We
incorporate an Optimal Transport-based latent alignment to mitigate demo-
graphic bias and demonstrate improved cross-site generalization and reduced
subgroup disparities.
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2 Proposed Method

This section describes the architecture of RESOLVE, a self-supervised framework
for functional connectivity modeling. We formalize the learning setting as follows:

Problem Statement. (Fair Self-Supervised Representation Learning
for Multi-Domain Functional Connectivity). Given an unlabeled pre-training
fMRI dataset DP™t containing m subjects and a labeled fine-tuning dataset D
with p subjects (p < m), the goal is to learn a mapping function He that en-
codes functional connectivity representations in a self-supervised manner. The
learned representations should (i) transfer effectively to downstream tasks when
fine-tuned on D" and (i) reduce disparities across demographic subgroups,
thereby promoting fair predictions.

In the following subsections, unless stated otherwise, all data refer to the pre-
training phase, and the superscript P is omitted for brevity.

2.1 FC Graph Construction

Let B; € RV*T denote the rs-fMRI time series of the i-th subject, where N is
the number of Rols defined by the brain parcellation atlas and T is the duration
of scan. We adopt the AAL atlas, resulting in N = 116 Rols. For each subject,
we construct two connectivity graphs corresponding to the time and frequency

domains:
ng = (A?,XZT), ng = (Af,Xf), (1)

where AT A € RV*N denote the adjacency matrices and X7, X € RV*P
denote the corresponding node feature matrices for the time and frequency do-
mains, respectively.

Time-domain connectivity. The matrix A7 is computed using Pearson corre-
lation between Rol time series. To reduce spurious weak connections and improve
numerical stability, we construct a k-nearest-neighbor graph (k = 10) by retain-
ing the strongest connections for each node. The node features X7 are derived
from correlation-based regional connectivity profiles. This sparse modeling ap-
proach is consistent with prior studies [6,21,17].

Frequency-domain connectivity. We transform the fMRI time series B; into
the frequency domain using the fast Fourier transform, yielding the spectral rep-
resentation F;. We follow standard fMRI preprocessing by using the 0.01-0.1 Hz
Low-Frequency Fluctuation (LFF) band, which preserves dominant spontaneous
BOLD fluctuations while suppressing scanner drift (< 0.01 Hz) and physiologi-
cal noise [4,2]. Band-limited coherence (0.01-0.1 Hz) between Rols is computed
to form the adjacency matrix A, and weak connections are removed using a
threshold of 0.3, chosen empirically. Node features X! are constructed from the
power spectral density profiles of the Rols. This modeling strategy is consistent
with prior studies on frequency connectome construction[20,22,8].

During self-supervised training, we generate augmented views by perturbing the
signals and recomputing the corresponding connectomes. We apply jittering,
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scaling, and time shifting to the time-domain signal B; to obtain an augmented
signal, from which the augmented graph Q~ZT is constructed. In the frequency
domain, we modify the spectrum F; by selectively adding or removing frequency
components to generate the augmented graph _C';f .

2.2 Methodology

Time and Frequency Encoders. The time- and frequency-domain graphs are
processed by domain-specific GNN encoders G and G, producing node-level
embeddings that capture connectivity patterns across Rols:

z{ =Gr(G), Z{ =Gr(@]), Z{ =Gr(@). Z{ =Gr(Gl). (2)

Intra-Domain Contrastive Learning. To obtain graph-level representations,
node embeddings are aggregated using a READOUT operator:

z] = READOUT(Z]), 2z = READOUT(ZF). (3)

For each subject, the original and augmented graphs form a positive pair, while
graphs from other subjects serve as negatives. This objective encourages invari-
ance to signal perturbations while preserving subject-specific structure. For each
domain w € {T, F'}, the intra-domain contrastive loss for subject 4 is defined as

i2")/7)

> ji XD (sim(zY, zy)/T

exp (sim(z

ﬁintra,i;w = -1 ) . (4)
where sim(+, -) denotes cosine similarity and 7 is a temperature parameter. The
total intra-domain loss is:

Eintra,i = ﬁintra,i;T + Eintra,i;F~ (5)

Multi-Domain Aggregation. We combine the node-level embeddings from
the two connectivity domains to obtain a unified representation. In this work,
fusion is performed via concatenation, Z{"® = concat (Z7, ZF').
Structure-Preserving Reconstruction. Following multi-domain feature ag-
gregation, we enforce structural consistency by ensuring that Rol embeddings
preserve the input functional connectivity patterns across both time and fre-
quency domains. To achieve this, we introduce a joint reconstruction loss that
aligns the fused embeddings with their respective connectivity structures. Specif-
ically, we minimize the Frobenius norm error between the reconstructed and
original functional connectivity matrices:

Lutens = 0@ 2T) ~ AT| 4 |o(zizT) ~ AF|%. (6)

where o(+) is the sigmoid function and T denotes matrix transpose.
Demographic-Invariant Representation Learning. To promote fairness,
we enforce demographic invariance at the representation level. Specifically, the
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learned graph-level embedding z{"® = READOUT(Z!") should not encode in-
formation related to sensitive attributes. To enforce fairness at the representation
level, we impose demographic parity by aligning the conditional distributions of
learned representations across demographic subgroups [18]. The disparity is de-
fined as:

; (7)

where s € {s1,s2} denotes the binary subgroup attribute. Directly matching
high-dimensional distributions is challenging. We therefore model fairness as a
distribution alignment problem and measure the discrepancy between subgroup
representations using Optimal Transport (OT). Let P and @ denote the em-
pirical distributions of embeddings for subgroups s; and s;. We minimize the
entropy-regularized OT distance, implemented via the Sinkhorn divergence:

Lpp = S(P,Q). (8)

DP = |P(z™° | 51) — P(z™° | s2)

where S is the Sinkhorn divergence estimator with entropy regularization [9].
Minimizing Lpp aligns subgroup representation distributions in the latent space,
encouraging demographic-invariant embeddings while preserving connectivity
structure. The total pre-training objective will then be:

Lresorve = M Ei[Lintrai] + A2 Ei[Linter,i] + A3 Lop, 9)

where A1, A2, and A3 control the contribution of each component.

Upon completion of pre-training, we store the model parameters and represent
the trained model as H(-, ®), where © denotes the set of all trainable parameters.
During fine-tuning, fused multi-domain embeddings from D''®¢ are input to a
multilayer perceptron for classification with cross-entropy loss.

3 Experiments

Dataset and Experimental Protocol. We evaluate the proposed framework
on the REST-meta-MDD dataset [28], a multi-site rs-fMRI cohort for MDD. To
construct the brain graphs, fMRI data were preprocessed using DPARSF [29].
The pipeline included slice-timing correction, head motion realignment, spatial
normalization, band pass filtering (0.01-0.1 Hz), and global signal regression.
Regional time series were then extracted for each ROI using the AAL atlas.

To assess generalization in a self-supervised setting, we follow the cross-site eval-
uation protocol proposed in [24]. For pre-training, we use the largest available
site (Site 20), containing 533 subjects (282 MDD, 251 healthy controls). The site
also exhibits demographic imbalance, comprising 186 males and 347 females. To
evaluate cross-site generalization, the pretrained model is tested on two indepen-
dent sites. Site 21 includes 156 subjects (86 MDD, 70 healthy controls; 69 males,
87 females), and Site 14 includes 93 subjects (32 MDD, 61 healthy controls; 34
males, 59 females). This cross-site setting assesses generalization under distribu-
tion shift and is substantially more challenging than random subject-level splits
within a single site. After pre-training, the model is fine-tuned on each target
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Table 1: Performance on REST-meta-MDD. S — T denotes source and target
sites. FATE is computed relative to the GCN baseline. Best and second-best
results are in red and blue, respectively.

Site 20 — Site 14 1 Site 20 — Site 21
Methods AUC (1) Acc () FATE (1)|| AUC (1) Acc (1) FATE (1)
GON [14] 51.35+12.36 64.6142.11 0.000](| 53.80+7.92 53.16+2.97 0.000
BrainGNN [16] 60.21+10.85 64.56+6.88 —0.77(152.284+18.00 54.244+8.53 —0.53
BrainNetCNN [l:i] 58.1419.75 63.67+1.92 —0.70(|58.28 +10.08 57.6446.68 —0.58
BrainNetTF [12]  65.01+8.95 67.0146.56 —0.88(160.07+11.32 57.941+10.82 —1.57
CoRE-BOLD [22] 60.2446.66 65.61+3.67 0.17|| 58.9244.70 57.35+4.70 —-0.14
GATE [19] 61.28 1975 66.1419 74 —0.511] 52.0845.81 52.76+6.20 —0.45
GCDA [2'1] 64.80i7_53 62.51i6.80 —0.26 59.49i10_03 59-11i10.08 —0.11
R-Supervised 61.1847.98 67.63+10.27 —0.41|| 57.1647.77 58.78+9.38 —0.01
No Pre-train 56.314+7.76 62.2846.46 0.08|| 55.09+4.05 53.47+2.67 —0.21
RESOLVE 67.38+9.66 70.9316.63 0.33(|61.15410.65 62.06+9.58 0.50

site using 5-fold cross-validation, with 72% of the data for training, 8% for vali-
dation, and 20% for testing.

Utility is evaluated using AUC and accuracy, while fairness is assessed by the de-
mographic parity difference. Predictive utility and fairness often exhibit a trade-
off in clinical models. To jointly evaluate both aspects, we report the Fairness-
Accuracy Trade-off Efficiency (FATE) metric, commonly used in fair medical
imaging studies [27,3]. A higher FATE score indicates better balance between

utility and fairness. For a model m and baseline b, FATE = %}‘%CQ —
)\%ﬁm’, where App denotes demographic parity difference and A = 1.

We compare RESOLVE with nine baselines: GCN [14], BrainNetCNN [13], BrainGNN
[16], BrainNetTF [12], GATE [19], GCDA [24], and CoRE-BOLD [22], along with
two ablations: R-Supervised (Task-specific RESOLVE trained with labeled data
during both pre-training and fine-tuning.) and No Pre-train.

The graph encoder uses a three-layer GCN with ReLLU activations. Training is
performed using Adam (learning rate 10~2) for 50 epochs. Global mean pool-
ing is used as the READOUT function. Additional implementation details and
hyperparameter configurations are detailed in the code repository.

3.1 Results

Utility and Fairness Comparison. Table 1 summarizes the classification
performance for MDD vs. HC across cross-site evaluations. RESOLVE consis-
tently achieves the best performance in both utility and fairness metrics. Com-
pared with existing baselines, the proposed method improves AUC and accuracy
while substantially reducing the demographic parity gap, indicating more reliable
predictions across subgroups. The No Pre-train model shows degraded perfor-
mance, demonstrating the importance of self-supervised pretraining, while the
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Fig. 2: Additional experiments: (a) robustness analysis under Gaussian noise, (b)
performance across varying labeled target data (solid lines: AUC, dotted lines:
fairness), (c) ablation study of key modules in RESOLVE, and (d) ablation study
of using dual-domain connectivity information.

Fig. 3: Top 10 significant functional connectivity alterations between MDD and
HCs (p < 0.05). Darker edges indicate smaller p-values (greater significance).

R-Supervised variant exhibits reduced cross-site generalization, indicating that
label-free pre-training produces more generalizable representations before fine-
tuning. For supervised baselines, training is performed only on the fine-tuning
dataset, leading to lower performance than typically reported in the literature.
Robustness Analysis. Fig. 2(a) illustrates the performance of competing meth-
ods under increasing levels of zero-mean Gaussian noise on Site 21 for MDD
classification. RESOLVE consistently demonstrates superior robustness.

Impact of Labeled Target Data. Fig. 2(b) presents performance of GCDA,
No Pre-train, and RESOLVE under varying proportions of labeled fine-tuning
BOLD signals from Site 21 in MDD classification. The results highlight improved
generalization and fairness of RESOLVE with fewer labeled target samples.
Ablation Study. To evaluate the contribution of each component in RESOLVE,
we conduct an ablation study for MDD classification on Site 21. We sequen-
tially remove each objective from (9) and present the results in Fig. 2(c). The
findings demonstrate the positive impact of each module on the overall perfor-
mance of RESOLVE in terms of both utility and fairness. To further assess the
impact of multi-domain information, we evaluate the model using each domain
individually. As shown in Fig. 2(d), the dual-domain model outperforms the
single-domain variants.

Discriminative FC for MDD. To identify the significant FC differences, edge-
wise two-sided Welch’s t-tests were performed across subjects. We use embed-
dings derived from RESOLVE to compute Z-transformed Pearson correlation ma-
trices, enabling detection of biologically meaningful effects. From Fig. 3, signifi-
cant pairwise functional connectivity differences were observed between regions
involved in memory and emotion processing (e.g., hippocampus—insula), higher-
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order cognition (inferior parietal gyrus, angular gyrus, and medial orbitofrontal
cortex), and visual processing (lingual and calcarine cortices). Several cerebellar
subregions (Crus I and lobules VI, VIII, and X, including vermis IV-V) were also
involved in altered FC, suggesting disrupted fronto-limbic and cerebello-cortical
interactions in MDD compared with HCs, consistent with prior studies [7,10].

4 Conclusion

In this work, we presented RESOLVE, a self-supervised graph representation learn-
ing framework that leverages functional connectivity in both the time and fre-
quency domains. The model further promotes demographic invariance by align-
ing subgroup representations using a Optimal Transport—based objective. Ex-
periments on multi-site rs-fMRI data demonstrate improved generalization and
reduced subgroup disparity compared with competing methods.
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