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Abstract. Functional MRI (fMRI)-derived dynamic brain functional
connectivity (dBFC) holds significant potential for characterizing brain
disorder-specific abnormalities in macroscopic neural activity patterns
underlying cognition and behavior. Yet, standard approaches usually
estimate connectivity via zero-lag correlations. This simplification ig-
nores temporal lags among different brain regions, which are biologically
meaningful markers of directed neural propagation and diverse patho-
logical brain states. Furthermore, existing graph learning models often
underexploit the brain’s hierarchical modular architecture and struggle
to capture disorder-induced community switching of brain regions be-
tween functional modules. In this work, we propose the Community-
aware Dynamic Graph Neural Network (CaDGNN) framework to learn
the spatiotemporal interaction patterns in lag-aware dBFC networks for
brain disorder diagnosis. First, CaDGNN incorporates a lag-aware dBFC
network construction module to encode spatiotemporal propagation pat-
terns of brain activation by explicitly incorporating inter-regional time
delays. Then, a temporal community co-occurrence encoder is introduced
to extract temporal community structures and model dynamic inter-
regional interactions. Based on this, a dual-level dynamic learning mod-
ule models the switching behavior of graph nodes between communities
and the temporal evolution of community structures simultaneously for
final diagnosis. Evaluations on four independent datasets demonstrate
that CaDGNN outperforms state-of-the-art methods. Our findings high-
light the diagnostic value of incorporating both lag-aware dynamics and
modular structure into graph learning. The codes of CaDGNN are avail-
able at https://github.com/Alyrrraa/CaDGNN.

Keywords: Brain disorder diagnosis - Graph Transformer - Dynamic
brain functional connectivity - Delayed connectivity.
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Fig.1: The overall architecture of the proposed CaDGNN (a), including the
lag-aware dBFC network construction module (b), the temporal community de-
tection module (c), and the dual-level GNNs with intra-level (d) and inter-level
graph learning (e).

1 Introduction

The human brain operates as a complex, non-stationary system where spatially
segregated brain regions continuously coordinate through dynamic reorganiza-
tion to support cognition and behavior [i,8]. To investigate these complex dy-
namics, magnetic resonance imaging (MRI), especially resting-state functional
MRI (rs-fMRI), has emerged as a powerful technique to estimate neural ac-
tivity over time by measuring the low-frequency spontaneous fluctuations in
blood-oxygen-level-dependent (BOLD) signals [i’7]. Unlike static connectivity,
rs-fMRI-derived dynamic brain functional connectivity (dBFC) captures the
temporal variability of neural interactions, offering a more fine-grained view
of how spatiotemporal communication within BFC networks is organized, and
more importantly, how its disruption contributes to diverse brain disorders [10].

Generally, existing dBFC-based methods estimate time-resolved interregional
functional connectivity based on a sliding window mechanism, generating a se-
quence of graph structures where egions of interest (ROIs) corresponding to
time windows and edges denote functional connectivity strength. Consequently,
brain disorder diagnosis is often formulated as a graph classification problem.
Following this line, state-of-the-art methods favor a decoupled learning strat-
egy: Graph Neural Networks (GNNs) extract spatial patterns from individual
temporal graphs, followed by sequence models (e.g., Transformers or Recurrent
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Neural Networks (RNNs)) that aggregate temporal dynamics across time win-
dow sequences [4,16,14].

While effective, existing dBFC modeling paradigms suffer from critical limita-
tions that restrict their diagnostic performance. First, most existing methods rely
on the zero-lag functional connectivity assumption to construct dBFC graphs,
where neural interactions are treated as instantaneous. However, neurophysio-
logical evidence suggests that infra-slow electrophysiological activity propagates
across the cortex in a widespread and stereotyped pattern, yielding reliable in-
terregional time delays [20,08,23]. Explicitly modeling these delays in dBFC
networks would better characterize abnormal neural propagation arising from
disrupted and lagged brain activities. Second, the brain exhibits a hierarchi-
cal modular organization (i.e., community structure) that balances functional
integration and segregation [22,82]. Exploring how individual ROIs fluctuate
between communities over time could reveal disorder-specific biomarkers [32],
which have been seldom investigated yet. Last but not least, integrating the
intrinsic spatiotemporal coupling of dBFC networks into a unified framework
remains challenging, given the brain’s structural complexity and non-stationary
dynamics.

To address these, we propose the Community-aware Dynamic Graph Neural
Network (CaDGNN), a novel spatiotemporal graph neural network designed to
diagnose brain disorders by modeling spatiotemporal interaction patterns within
lag-aware dBFC networks. As illustrated in Fig. [, we start by constructing lag-
aware dBFC networks that explicitly encode inter-regional time delays. Then,
we introduce a mechanism to extract temporal community structures, allowing
the model to track the dynamic affiliation of brain regions to functional modules.
Finally, a dual-level learning module characterizes both the node-level switch-
ing behavior within communities and inter-community temporal dynamics to
perform robust classification.

The major contributions of this work are summarized as follows: (i) we intro-
duce a lag-aware dBFC network construction strategy that incorporates intrinsic
signal delays to characterize the spatiotemporal propagation of brain activity;
(ii) we design a temporal community co-occurrence encoder to capture the dy-
namic interplay between ROIs by tracking their evolving community member-
ships; and (iii) we develop a dual-level dynamic learning module that jointly
models intra-community node switching and inter-community evolution, signifi-
cantly improving diagnostic performance across four independent datasets.

2 Method

2.1 Community-aware dBFC Graph Construction

Lag-aware dBFC Network Construction Inspired by previous studies [19,23],
we perform time delay estimation to characterize the sequential propagation
of brain activity. For each subject, BOLD signals are averaged within each
ROI and divided into T segments using sliding windows. Within each segment
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t=1,...,T, lagged correlations r; ; between ROIs ¢ and j are computed using
the cross-covariance function (CCF). To obtain a temporal resolution finer than
the original sampling interval, three-point parabolic interpolation is then applied
to the CCF curve to estimate the peak value r; ; and the corresponding time
delay 7; ;. All delays are then projected onto one-dimensional maps, formulated

as T, = (1/N) [Zjvzl Tl s Zjvzl Tn,; |, where N is the number of ROIs. We
define the lag-aware FC matrix X, by weighting X}, € RN*N with T, to reflect
spatiotemporal patterns. In parallel, the zero-lag FC matrix X}c is computed
by Pearson correlation, as strong zero-lag correlations constitute the backbone

of functional brain networks [26].

Temporal Community Detection Incorporating the property of modular
community structure during node propagation learning process would enable
the model to better reflect brain’s natural organization [9,22]. Accordingly, we
propose a temporal community detection (TCD) strategy to identify commu-
nities in lag-aware dBFC networks. Specifically, we apply multilayer network
analysis [21,24] to the lag-aware dBFC networks and obtain the optimal com-
munity structures C € R¥*T by optimizing the modularity quality function
Q: .

ijtr
where the indicator function §(M, M) = 1 if nodes 7 and j belong to the same
module, and B = (X"' — 'yPJr) - (Xl;g - fyP’) denotes the signed modularity

matrix. Here, P is thlggexpected weight of connections between nodes. v and w
are the topological resolution and the temporal coupling parameters between
adjacent time segments ¢ and r. X+ and X~ denote positive and negative con-
nections. Based on C, we further obtain a community label set L, each element

of which indicates community assignment of each node at segment t.

2.2 Dual-level Graph Neural Networks

Intra-level Graph Learning For each subject, we formulate T lag-aware
dBFC networks as a graph set G = {G(1),G(2),...,G(T)}. Each graph at seg-
ment ¢ can be represented as G(t) = (V(t), Xjqq4(t), A(t)), where V(¢), A(t),
Xiag(t) denote the set of nodes, the adjacency matrix, and the feature matrix,
respectively. The dynamic graph sequence {G,;}._, is input to the proposed
intra-level graph learning module, with two components:

1) community-aware co-occurrence encoder Considering that nodes
within the same community exhibit similar switching pattern and are tightly
coupled during network reconfiguration [33], we introduce a community-aware
encoder (CCE) to model historical activity sequences. For each node i in G(¢),
we track its co-occurrence with neighbors across communities from segments
1 to t, forming a temporal co-occurrence matrix Mf € RN¥*t Each element

mﬁj = 1 if neighbor j belongs to the same community, and 0 if it belongs to
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different community at time ¢. A shared multi-layer perceptron (MLP) encodes
each historical segment MF € RY independently, where k = 1,...,t, followed
by an aggregation operation to form a historical community-aware neighbor
embedding h!. The resulting matrix H® € R¥*P is then concatenated with
the zero-lagged node feature X% to generate the enhanced embedding X} €
RNX(N+D)

2) Temporal-varying Representation Learning To capture long-range
dependencies across networks, X}i are input to a Transformer Encoder[27] with
I layers of multi-head self-attention (MHA) and feed-forward network (FFN)
blocks:

MHA(Q, K, V) = Concat (headl7 e headh)Wh, (2)

FFN(X) = GELU(XW1 + bl)Wg + bs. (3)

where head; = Softmax(QK " /v/dy) V. The query, key, and value matrices Q,
K, and V are obtained through learnable linear projections of the input features.

Wi, Wi, Wa, by and by are learnable parameters. h is the number of attention
heads, and dj, is the dimension of each head.

Inter-level Graph Learning To explore the brain’s community structure and
understand the dynamic patterns, we construct a community-level graph set G =

{G1,G2,...,Gc}, where C is the number of communities. For each community
¢ =1,...C, its temporal graph G. = {V., A., X.} has V. = {v}, 0% ... vT},

with each v! representing community ¢ at segment ¢. The feature matrix X,
is obtained by averaging the features of the nodes assigned to community c at
each segment, and the adjacency matrix A, € RT*7 is set to an all-ones matrix
to indicate full temporal connectivity. After community aggregation, we stack
two graph attention network (GAT) [2%] layers on each community graph G.

to update temporal community-level features X, = a(% Zszl Wk:if), where

W* is the learnable weight matrix, ¢ is a non-linear activation, and ¥ is the
weighted aggregation of node 7 using attention coefficients a;.

exp (L/J (aT WX, [ WX, ))>

Srew, exp(v(aT (WX, | WX,,)))

where a is a learnable weight vector, ¢ is LeakyReLU function, || denotes con-
catenation, and N is the set of neighbors of node i. X, € RE*XT*DP" are reshaped
along time dimension 7', and then fed to an MLP followed by sum pooling op-
eration to obtain the graph-level representation X;,irq € RP .

(4)

aij =

3 Experiments and Analysis

3.1 Datasets and Experiments Settings

The proposed method is evaluated on four datasets for three distinct brain disor-
der diagnosis tasks: (1) MCI diagnosis on ADNI dataset [i1] from 134 cognitively
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Table 1:
Classification results in terms of "mean (standard deviation)". The highest results
are marked in bold and the second highest accuracies are underlined.

ADNI (CN vs. EMCI)
GAT MVS-GCN BrainGNN  ST2GCN  DAST-GCN BISTFormer BMR STA-GIN Ours

ACC  0.585(0.018) 0.652(0.042) 0.715(0.058) 0.620(0.045) 0.665(0.052) 0.691(0.025) 0.712(0.050) 0.728(0.073) 0.927(0.008)
SEN  0.740(0.224) 0.896(0.063) 0.873(0.093) 0.630(0.217) 0.780(0.046) 0.711(0.046) 0.868(0.136) 0.758(0.119) 0.940(0.032)
SPE  0.374(0.294) 0.320(0. 074) 0.500(0.112) 0.565(0.361) 0.502(0.130) 0.668(0.050) 0.496(0.240) 0.687(0.063) 0.910(0.051)
AUC  0.658(0.080) 0 608(0.046) 0.805(0.044) 0.637(0.091) 0.728(0.039) 0.700(0.032) 0.691(0.064) 0.801(0.095) 0.925(0.012)
F1  0.557(0.039) 0.591(0.050) 0.778(0.051) 0.597(0.095) 0.641(0.065) 0.808(0.020) 0.775(0.038) 0.758(0.074) 0.937(0.007)

ADNI (CN vs. LMCI)
GAT MVS-GCN BrainGNN  ST2GCN  DAST-GCN BISTFormer BMR STA-GIN Ours

ACC  0.560(0.054) 0.634(0.029) 0.778(0.050) 0.617(0.046) 0.704(0.063) 0.669(0.028) 0.725(0.038) 0.691(0.057) 0.852(0.040)
SEN o 585(0.285) 0.440(0.060) 0.761(0.109) 0.388(0.318) 0.526(0.125) 0.447(0.066) 0.556(0.154) 0.596(0.100) 0.789(0.117)
SPE  0.534(0.309) 0.791(0.062) 0.791(0.037) 0.750(0.278) 0.850(0.056) 0.850(0.052) 0.858(0.056) 0.768(0.057) 0.903(0.060)
AUC  0.507(0.132) 0.615(0. 027) 0.828(0.062) 0.566(0.088) 0.609(0.096) 0.503(0.056) 0.703(0.037) 0.720(0.048) 0.846(0.045)
F1  0.560(0.037) 0.610(0.029) 0.750(0.069) 0.391(0.252) 0.688(0.062) 0.784(0.010) 0.633(0.111) 0.631(0.075) 0.824(0.056)

ABIDE (TC vs. ASD)
GAT MVS-GCN  BrainGNN  ST2GCN  DAST-GCN BISTFormer BMR STA-GIN Ours

ACC  0.541(0.028) 0.544(0.024) 0.558(0.021) 0.566(0.029) 0.619(0.032) 0.592(0.049) 0.619(0.024) 0.550(0.029) 0.626(0.013)
SEN  0.449(0.180) 0.321(0.126) 0.379(0.205) 0.555(0.244) 0.205(0.257) 0.236(0.201) 0.565(0.121) 0.500(0.090) 0.524(0.135)
SPE  0.620(0.196) 0.735(0.108) 0.695(0.226) 0.551(0.262) 0.865(0.167) 0.898(0.089) 0.659(0.098) 0.592(0.108) 0.713(0.123)
) ) )
) ) )

Metric

Metric

Metric

AUC  0.455(0.094) 0.528(0.026) 0.596(0.037) 0.512(0.125) 0.216(0.244) 0.567(0.061) 0.572(0.075) 0.503(0.043) 0.618(0. 015)

F1  0.534(0.019) 0.505(0. 045) 0.403(0.168) 0.528(0.037) 0.535(0.055) 0.237(0.240) 0.625(0.025) 0.561(0.039) 0.555(0.066)
ADHD (TC vs. ADHD)

GAT  MVS-GCN BrainGNN ST2GCN DAST-GCN BISTFormer ~ BMR STA-GIN Ours

ACC  0.510(0.046) 0.617(0.029) 0.609(0.067) 0.569(0.088) 0.619(0.032) 0.659(0.006) 0.662(0.046) 0.586(0.034) 0.677(0.023)
SEN  0.578(0.120) 0.173(0.101) 0.410(0.153) 0.472(0.274) 0.205(0.257) 0.517(0.011) 0263(0 184) 0.327(0.114) 0.403(0.100)
SPE  0.470(0.132) 0.905(0.040) 0.721(0.129) 0.612(0.285) 0.865(0.167) 0.744(0.005) 0.905(0.070) 0.742(0.093) 0.840(0.080)
) ) (
) ) (

Metric

AUC  0.465(0.040) 0.539(0.041) 0.606(0.058) 0.406(0.171) 0.216(0.244) 0.530(0.010) 0.603(0.042) 0.566(0.044) 0.622(0.023)
F1 0.524(0.029) 0.496(0.064) 0.474(0.057) 0.495(0.074) 0.535(0.055) 0.631(0.007) 0.339(0.169) 0.361(0.091) 0.475(0.068)
STAR (CU vs. MCI)

GAT MVS-GCN  BrainGNN  ST2GCN  DAST-GCN BISTFormer BMR STA-GIN Ours

ACC  0.648(0.046) 0.677(0.031) 0.600(0.094) 0.590(0.109) 0.669(0.046) 0.633(0.008) 0.712(0.042) 0.663(0.026) 0.713(0.044)
SEN  0.439(0.270) 0.225(0.076) 0.561(0.066) 0.479(0.303) 0.106(0.110) 0.402(0.008) 0.287(0.022) 0.351(0.200) 0.259(0.180)
SPE  0.748(0.182) 0.896(0.065) 0.320(0.262) 0.652(0.279) 0.944(0.051) 0.745(0.011) 0.917(0.030) 0.813(0.114) 0.930(0.077)
AUC  0.396(0.174) 0.560(0.029) 0.731(0.242) 0.386(0.156) 0.153(0.147) 0.407(0.008) 0.630(0.064) 0.378(0.114) 0.595(0.070)
F1  0.593(0.055) 0.547(0.036) 0.561(0.066) 0.530(0.101) 0.525(0.041) 0.573(0.007) 0.395(0.041) 0.685(0.044) 0.332(0.206)

Metric

normal (CN), 182 early MCI (EMCI), and 109 late MCI (LMCI) subjects, and a
local dataset STAR from 230 cognitively unimpaired (CU) and 111 mild cogni-
tive impairment (MCI) subjects; (2) autism spectrum disorder (ASD) diagnosis
on ABIDE dataset [6] from 475 typical controls (TC) and 408 ASD subjects;
and (3) attention deficit hyperactivity disorder (ADHD) diagnosis on ADHD-
200 dataset [2] from 364 TC and 218 ADHD subjects. The Schaefer-500 atlas
[25] is used to parcellate the brain into 500 ROIs. For ADNI, ABIDE, and STAR,
the data preprocessing was conducted using DPARSF [,,], while MRI data in
ADHD-200 was preprocessed using the Athena pipeline[5].

For the training of CaDGNN, we use the Adam optimizer with a batch size
of 20 and 50 epochs and learning rates 0.0001, 0.0001, 5e — 5 and 0.0001 on
ADNI, STAR, ADHD-200 and ABIDE, respectively. Edges in graph set G are
formed using k-nearest neighbor (knn) algorithm for the lag-aware matrices
X! in Section Pl For the parameters, v and w in Eq. 0 are set to 1 and

la

0.1, embedding dimensions D and D’ are set to 64 and 32, respectively. All the
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Fig. 2: The performance of CaDGNN and its variants on ADNI.

models are trained from scratch in an end-to-end manner with five-fold cross-
validation using PyTorch on a single GPU (NVIDIA GeForce RTX 3090). Five
metrics are used for a quantitative measurement: accuracy (ACC), sensitivity
(SEN), specificity (SPE), F1 score, and area under ROC curve (AUC).

3.2 Experimental Results Comparison and Analysis

Comparison with the state-of-the-arts. The results on five binary classifi-
cation tasks across different datasets are reported in Table M. Compared with the
best performing baselines, CaDGNN performs better by 27%, 9.5%, and 0.15% in
accuracy on EMCI, LMCI and MCI diagnosis tasks, and by 4.3% on ABIDE and
2.7% on ADHD-200 in AUC. Besides, CaDGNN consistently outperforms static
brain network analysis models (i.e., GAT [28], BrainGNN [i5], MVS-GCN [30])
across all tasks in terms of accuracy. This is likely attributable to the fact that
static methods rely solely on time-averaged FC, whereas CaDGNN explicitly in-
tegrates time delay information into dynamic FC modeling, thereby enhancing its
capacity to capture both the heterogeneity and temporal evolution of brain activ-
ity. Additionally, Transformer-based methods (e.g., BISTFormer [I3], BMR [24],
and STA-GIN [12]) generally outperform GNN-only methods (e.g., ST2GCN
(4], DAST-GCN [f]) in performance. This demonstrates the superior capacity
of Transformer architectures to model complex spatiotemporal dependencies in
brain networks. Notably, CaDGNN achieves significant improvements over com-
parative methods on ADNI, demonstrating that explicit integration of historical
dynamic interactions enables more comprehensive characterization of both the
topological organization and time-varying dynamics of BFC networks. More-
over, methods incorporating brain modularity priors (i.e., BMR and CaDGNN)
consistently outperform those lacking explicit modular structure modeling. This
suggests that embedding modularity priors into the modeling enhances the dis-
criminability of dBFC graph representations for brain disorder diagnosis.

Ablation study. We conduct four variants of CaDGNN to perform the ablation
study: (1) CaDGNN without the community-aware co-occurrence encoder (w/o
CCE); (2) CaDGNN with the lag-aware dBFC construction process replaced
by the zero-lagged construction method (w/o LM); (3) CaDGNN without the
community graph construction during inter-level graph learning (w/o CG); and
(4) CaDGNN without the Transformer Encoder (w/o TE).
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Fig. 3: (a) Performance of CaDGNN with different values of k and w. (b) Top-15
discriminative brain ROIs identified by CaDGNN on EMCI diagnosis task.

From the experimental results on ADNI presented in Fig. B, we can see that
removing either the CCE module or the lag-aware modeling component induces
the most significant performance degradation. Specifically, CaDGNN w/o CCE
and CaDGNN w/o LM exhibit relative accuracy drops of 4.1% and 7.5% on
EMCI and LMCI diagnosis tasks, respectively. Notably, CaDGNN consistently
outperforms all its variants, indicating that the components in CaDGNN exhibit
complementary contributions to performance improvement and the collabora-
tive learning at both ROI- and community-levels is critical for modeling dBFC
networks. Furthermore, we investigate the sensitivity of CaDGNN to two key
hyperparameters k and w, which jointly control the trade-off between spatial
connectivity and temporal representations in dBFC graphs. As shown in Fig. B
(a), darker colors indicate lower ACC values. CaDGNN achieves peak perfor-
mance on EMCI diagnosis task when k is fixed at 300 and w is set to 35.

3.3 Visualization Analysis

To investigate the brain regions and their associated FCs identified by our
method, we visualize discriminative regions based on learned network weights.
As illustrated in Fig. B(b), the most discriminative ROIs are primarily located
within the Default Mode Network (DMN) and Control Network (Cont). This
finding is consistent with previous studies indicating that brain regions within
these large-scale networks are closely related to flexible node switching under
different cognitive demands [82]. Moreover, abnormal functional connections an-
chored at these ROIs may reflect underlying pathological mechanisms contribut-
ing to EMCI diagnosis. For instance, the consistent finding of altered circuits
between posterior cingulate (L.pCunPCC.10) and prefrontal cortex (L.PFC.4)
reflects abnormal functional integration in EMCI subjects [g].

4 Conclusion

This paper introduces a novel framework named CaDGNN for brain disor-
der diagnosis. Leveraging time delay information extracted from rs-fMRI data,
CaDGNN constructs dynamic brain graphs and jointly learns spatiotemporal
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graph representations from both the ROI-level and community-level to sup-
port discriminative prediction. Notably, CaDGNN explicitly models the histor-
ical switching behavior of network nodes while embedding modularity priors
into intra-level graph representation. Extensive experiments demonstrate that
CaDGNN achieves superior performance across multiple diagnosis tasks and
robustly identifies both the dynamic behaviors and topological properties of lag-
based brain networks.
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