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Abstract. Alzheimer’s disease (AD) disrupts both the spatial organization and
temporal dynamics of brain functional connectivity, which can be jointly character-
ized by fMRI and EEG. fMRI-derived functional connectivity networks (FCNs)
encode multiscale spatial topology, and EEG-derived FCNs capture multiband
temporal coupling patterns, providing complementary information for AD di-
agnosis. However, paired fMRI-EEG acquisitions are rarely available in clini-
cal practice, and existing fusion methods require both modalities at inference,
limiting real-world deployment. To address this challenge, we propose CMD-
AD (Cross-Modality Distillation for AD diagnosis), a three-stage framework
that distills fused spatiotemporal knowledge into single-modality encoders to
improve their performance. In Stage 1, hierarchical graph attention aggrega-
tion (HGAA) encoders are independently pretrained on each modality to ex-
tract multiscale fMRI spatial features and multiband EEG temporal features.
In Stage 2, scale-wise bidirectional cross-modality fusion (BCMF) integrates
fMRI and EEG representations at each parcellation scale, producing fused spa-
tiotemporal targets. In Stage 3, teacher-student distillation transfers the fused
spatiotemporal targets back to each modality-specific encoder, enabling accu-
rate single-modality diagnostic performance without paired inputs. Evaluated on
8 multicenter datasets, CMD-AD improves fMRI-only accuracy from 73.51%
to 75.50% and EEG-only accuracy from 63.52% to 65.02%, with AUC in-
creasing from 80.88% to 83.70% and from 71.63% to 73.77%, respectively.
These results demonstrate that cross-modality training can effectively enhance
single-modality deployment for AD diagnosis. Our code is available at https:
//github.com/yizhixiaolinya/Code-MICCAI2026_fMRI-EEG.git.

Keywords: fMRI-EEG fusion, Cross-modality distillation, Functional connectivity net-
work, Alzheimer’s disease, Graph neural networks.

1 Introduction

Alzheimer’s disease (AD) induces spatiotemporal disruptions in brain function that
can be assessed using functional magnetic resonance imaging (fMRI) and electroen-
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cephalography (EEG) [2]. These modalities provide complementary views: fMRI mea-
sures blood-oxygen-level-dependent (BOLD) signals with high spatial resolution [10],
whereas EEG records neural electrical activity with millisecond temporal resolution
across frequency bands [3]. Functional connectivity networks (FCNs) are constructed
by extracting region-of-interest (ROI) time series and computing pairwise connectivity,
yielding ROI-by-ROI matrices [5]. Accordingly, fMRI-derived FCNs are widely used to
characterize spatial network organization across multiscale parcellations, whereas EEG
FCNs are typically computed across multiple frequency bands to capture multiband
temporal coupling patterns [4].

Motivated by this complementarity, fMRI-EEG fusion frameworks span linear mod-
els (e.g., CCA, jICA) [32,17] and deep methods that learn non-linear cross-modality
interactions (e.g., MCSP, HC-GNN) [27,29]. However, three challenges still limit
their clinical applications. First, most frameworks require paired fMRI-EEG at in-
ference [27,29], whereas clinical acquisitions often provide only single-modality [7].
Second, their fusion strategies are frequently coarse and lack explicit scale-wise corre-
spondence between multiscale fMRI parcellations and EEG band-informed representa-
tions, weakening their cross-modality alignment. Third, spatiotemporal representation
learning within each modality remains suboptimal. fMRI encoders often under-exploit
multiscale FCN organization and long-range interregional interactions [14], whereas
EEG encoders often treat frequency bands as generic channels rather than modeling
band-specific temporal coupling and cross-band relationships [27].

To address these challenges, we propose CMD-AD (Fig. 1), a three-stage cross-
modality distillation framework for enhanced single-modality diagnosis. Stage 1 first
pretrains HGAA-based modality-specific encoders to learn discriminative single-modality
representations. Stage 2 then replaces within-modality attention with scale-wise bidi-
rectional cross-attention (BCMF), enabling fMRI and EEG representations to interact
at each parcellation scale and producing fused spatiotemporal representations. Stage 3
finally distills this fused multimodal knowledge back into each single-modality encoder
through teacher-student learning, enabling inference when only fMRI or EEG is avail-
able. CMD-AD yields consistent gains: fMRI-only accuracy improves from 73.51% to
75.50% and EEG-only accuracy improves from 63.52% to 65.02%, with AUC increas-
ing from 80.88% to 83.70% and from 71.63% to 73.77%, respectively, validating that
cross-modality training effectively enhances single-modality AD diagnosis.

2 Method

2.1 fMRI and EEG FCN Graph Construction

We construct fMRI and EEG FCN graphs using shared multiscale Schaefer parcella-
tions [21]. For fMRI, voxel-wise BOLD signals are averaged into ROI time series at
each parcellation scale. For EEG, electrode recordings are projected onto cortical source
space via sLORETA [18] and aggregated to the same ROIs, establishing scale-wise ROI
correspondences that enable subsequent fusion and distillation.

Let 𝑚 ∈ {fMRI,EEG} and 𝑠 ∈ {1, . . . , 𝑆} (with 𝑠 = 1 as the coarsest scale). At scale
𝑠, we define a multichannel FCN graph G𝑚

𝑠 = (A𝑚
𝑠 ,H𝑚

𝑠 ) with 𝐵fMRI=1 and 𝐵EEG=5



CMD-AD: Cross-Modality Distillation for Alzheimer’s Disease Diagnosis 3

(A) Stage 1: Hierarchical Modality-specific Encoding Hierarchical Graph 
Attention Aggregation 
(HGAA) at scale	𝒔

…
𝛾

𝛿

fMRI

EEG

(𝑨𝑺
𝒇, 𝑯𝑺

𝒇)

(𝑨𝑺𝒆, 𝑯𝑺
𝒆)

HGAA𝑺

HGAA𝑺

𝛿 …
𝛾

…
…

(𝑨𝑺$𝟏
𝒇 , 𝑯𝑺$𝟏

𝒇 )

(𝑨𝑺$𝟏𝒆 , 𝑯𝑺$𝟏
𝒆 )

𝛿
𝛾

…

HGAA𝟐

HGAA𝟐

…

…

(𝑨𝟏
𝒇 , 𝑯𝟏

𝒇)

(𝑨𝟏𝒆 , 𝑯𝟏
𝒆)

𝛿

⨁

…

…

⨁

Readout

Diagnosis

Diagnosis
…

𝛾
…

(B) Stage 2: Bidirectional Cross-modality 
Fusion (BCMF) 

Bi
di
re
ct
io
na
l

Cr
os
s-
At
te
nt
io
n

(𝑨𝒔
𝒇, 𝑯’𝒔

𝒇)

(𝑨𝒔𝒆, 𝑯’𝒔𝒆)

𝒈$𝑺
𝒇𝒖𝒔𝒊𝒐𝒏

(C) Stage 3: Distillation-based Multiscale Knowledge Transfer

(𝑨𝒔
𝒇, 𝑯' 𝒔

𝒇)

(𝑨𝒔𝒆, 𝑯' 𝒔𝒆)

𝒈)𝒔
𝒇

𝒈)𝒔𝒆

(𝑨𝑺
𝒇, 𝑯’𝑺

𝒇)

(𝑨𝑺𝒆, 𝑯’𝑺𝒆)

(𝑨𝑺$𝟏
𝒇 , 𝑯’𝑺$𝟏

𝒇 )

(𝑨𝑺$𝟏𝒆 , 𝑯’𝑺$𝟏𝒆 )

BC
M
F

𝒈)𝑺
𝒇𝒖𝒔𝒊𝒐𝒏

BC
M
F

𝒈)𝑺
𝒇

𝒈)𝑺𝒆

(𝑨𝑺𝒆, 𝑯*𝑺𝒆)

(𝑨𝑺
𝒇, 𝑯*𝑺

𝒇)

𝒈)𝑺$𝟏
𝒇𝒖𝒔𝒊𝒐𝒏

𝒈)𝑺$𝟏
𝒇

𝒈)𝑺$𝟏𝒆

(𝑨𝑺$𝟏𝒆 , 𝑯*𝑺$𝟏𝒆 )

(𝑨𝑺$𝟏
𝒇 , 𝑯*𝑺$𝟏

𝒇 )

Scale	𝑺 Scale	𝑺 − 𝟏

…

…

(𝑨𝟏
𝒇 , 𝑯’𝟏

𝒇)

(𝑨𝟏𝒆 , 𝑯’𝟏𝒆)

BC
M
F

𝒈)𝟏
𝒇𝒖𝒔𝒊𝒐𝒏

𝒈+𝟏
𝒇

𝒈+𝟏𝒆

(𝑨𝟏𝒆 , 𝑯*𝟏𝒆)

(𝑨𝟏
𝒇 , 𝑯*𝟏

𝒇)

Scale	𝟏

ℒ+,-.,// ℒ+,-.,// ℒ+,-.,//

ℒ+,-.,// ℒ+,-.,// ℒ+,-.,//
… ⨁

Diagnosis

𝒈)𝟐
𝒇𝒖𝒔𝒊𝒐𝒏

𝒈)𝑺
𝒇𝒖𝒔𝒊𝒐𝒏…

(𝑨
𝒔𝒎
,𝑯

𝒔𝒎
)

(𝑨
𝒔𝒎
,𝑯
’ 𝒔𝒎
)

(𝑨
𝒔𝒎
,𝑯*

𝒔𝒎
)

(𝑨
𝒔𝒎
,𝑯

𝒔$
𝟏

𝒎
)

Global 
Self-attention

Multichannel 
GCN Propagation

Adaptive 
Fine-to-Coarse 

Pooling

…

Fig. 1. CMD-AD overview. (A) Stage 1 learns hierarchical modality-specific representations by
stacking HGAA blocks over multiscale FCN graphs. (B) Stage 2 replaces the intra-modality
global self-attention with BCMF, enabling scale-wise fusion between fMRI and EEG. (C) Stage 3
performs multiscale distillation to supervise each modality-specific encoder.

channels. For each channel 𝑐, the adjacency matrix A𝑚,𝑐
𝑠 is computed via Pearson

correlation (fMRI) or orthogonalized power envelope correlation (oPEC, EEG) [31], and
sparsified by retaining the top 20% off-diagonal edges by absolute value while preserving
signed weights [28]. Each node feature concatenates its connectivity fingerprint (FCN
row) with the mean and standard deviation of the corresponding ROI time series [13].
Across scales, voxel-overlap weights W𝑠→𝑠−1 define valid fine-to-coarse assignments
Ω𝑠,𝑟 = {𝑣 | W𝑠→𝑠−1 (𝑣, 𝑟) > 0} for hierarchical pooling.

2.2 Stage 1: Hierarchical Modality-Specific Encoding

Stage 1 pretrains two modality-specific encoders for fMRI and EEG that share the same
HGAA architecture but use independent parameters. Each HGAA block comprises
multichannel GCN propagation, global self-attention, and atlas-constrained adaptive
pooling. Stacking these blocks from scale 𝑆 to 1 yields scale-wise representations that
serve as inputs for fusion in Stage 2 and distillation in Stage 3.
Multichannel GCN Propagation. Each HGAA block begins with multichannel GCN
propagation over 𝐵𝑚 channels to encode local FCN topology. For EEG, the 𝐵EEG=5
channels correspond to canonical frequency bands, preserving band-specific features for
multiband temporal coupling modeling. For modality 𝑚 at scale 𝑠 and channel 𝑐, ROI
features are updated as:

H̃𝑚,𝑐
𝑠 = 𝜎

(
(D𝑚,𝑐

𝑠 )−
1
2 A𝑚,𝑐

𝑠 (D𝑚,𝑐
𝑠 )−

1
2 H𝑚,𝑐

𝑠 W𝑚
GCN

)
, (1)
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where W𝑚
GCN ∈ R𝑑×𝑑 is shared across channels within modality 𝑚, and D𝑚,𝑐

𝑠 is the
degree matrix of A𝑚,𝑐

𝑠 .
Band-Preserving Global Self-Attention. To model long-range ROI interactions at each
scale, we apply a global self-attention module. We first average H̃𝑚,𝑐

𝑠 over channels 𝑐

to obtain a channel-aggregated representation H̄𝑚
𝑠 , then apply multi-head self-attention

SA𝑚 (·) to H̄𝑚
𝑠 and inject the resulting global context back into each channel via a

residual connection:

Ĥ𝑚,𝑐
𝑠 = LayerNorm

(
H̃𝑚,𝑐

𝑠 + SA𝑚
(
H̄𝑚

𝑠

) )
. (2)

Here, H̄𝑚
𝑠 is used only to compute a shared global attention context, while the residual up-

date is applied to each per-channel representation H̃𝑚,𝑐
𝑠 . For EEG, this design introduces

shared global interactions while preserving frequency-band-specific representations in
separate channels.
Adaptive Fine-to-Coarse Pooling. We apply atlas-constrained adaptive pooling to ag-
gregate ROI features from scale 𝑠 to 𝑠−1 along the hierarchical parcellation, thereby
capturing hierarchical spatial organization. For each coarse ROI 𝑟, we attend over its
assigned fine ROIs 𝑣 ∈ Ω𝑠,𝑟 and compute

H𝑚,𝑐

𝑠−1 (𝑟, :) = LayerNorm©­«
∑︁

𝑣∈Ω𝑠,𝑟

𝑎𝑟 ,𝑣 Ĥ𝑚,𝑐
𝑠 (𝑣, :)

ª®¬ , (3)

where 𝑎𝑟 ,𝑣 are normalized masked-attention weights over Ω𝑠,𝑟 . The pooled features are
paired with the scale-(𝑠−1) FCN adjacency for the next HGAA block.
Graph Readout and Multiscale Classification. Finally, we obtain scale-wise graph
embeddings and train each modality-specific encoder with single-modality supervi-
sion. At scale 𝑠, we aggregate channels to produce a single ROI feature matrix and
apply global average pooling over 𝑅𝑠 ROIs to form g𝑚𝑠 . The multiscale embedding
is g𝑚multi = Concat(g𝑚1 , . . . , g

𝑚
𝑆
), followed by a modality-specific classifier with loss

L𝑚
1 = CE( 𝑦̂𝑚, 𝑦). The fMRI and EEG branches are trained independently using all

available single-modality data.

2.3 Stage 2: Bidirectional Cross-Modality Fusion

Stage 2 replaces the intra-modality global self-attention in Stage 1 with BCMF to
enable scale-wise bidirectional interaction between modalities. At each scale 𝑠, we form
channel-aggregated ROI features H̄𝑚

𝑠 by averaging H̃𝑚,𝑐
𝑠 over channels 𝑐 and compute

cross-attention in both directions. The cross-modality context is integrated into the target
modality through residual connections, and for EEG, the same context is broadcast to
each band-specific channel:

Ĥ𝑚,𝑐
𝑠 = LayerNorm

(
H̃𝑚,𝑐

𝑠 + CrossAttn𝑚←𝑚′
(
H̄𝑚

𝑠 , H̄𝑚′
𝑠

))
, (4)

where (𝑚, 𝑚′) ∈ {(fMRI,EEG), (EEG, fMRI)}. The cross-attention context is com-
puted from the channel-aggregated representations H̄𝑚

𝑠 and H̄𝑚′
𝑠 , and is then injected

into each target-channel feature through the residual connection. We obtain g̃fMRI
𝑠 and



CMD-AD: Cross-Modality Distillation for Alzheimer’s Disease Diagnosis 5

g̃EEG
𝑠 via the same readout procedure, and form the fused embedding using a learnable

scale-wise mixing weight 𝜆𝑠 = 𝜎(𝜆̃𝑠):

gfuse
𝑠 = 𝜆𝑠 g̃fMRI

𝑠 + (1 − 𝜆𝑠) g̃EEG
𝑠 . (5)

Fused embeddings are concatenated across scales for multimodal prediction 𝑦̂fuse and
retained as distillation targets for Stage 3.

2.4 Stage 3: Distillation-Based Multiscale Knowledge Transfer

Stage 3 employs teacher-student knowledge distillation to inject the fused spatiotem-
poral knowledge learned in Stage 2 into each single-modality encoder, enabling robust
inference from a single-modality alone. We freeze the fusion branch of Stage 2 as the
teacher. For each modality 𝑚 ∈ {fMRI,EEG}, a student encoder is initialized from
Stage 1 and trained to jointly match the teacher’s fused multiscale representations and
its softened predictive distribution. Specifically, given fused teacher targets {gfuse

𝑠 }𝑆𝑠=1
and student embeddings {g𝑚𝑠 }𝑆𝑠=1, the multiscale feature distillation loss is defined as:

L𝑚
feat =

𝑆∑︁
𝑠=1



g𝑚𝑠 − gfuse
𝑠



2
2 . (6)

Additionally, letting zfuse and z𝑚 denote the teacher and student logits, respectively, we
distill soft targets with temperature 𝜏 via:

L𝑚
KD = 𝜏2 KL

(
Softmax

(
zfuse

𝜏

) 



 Softmax
(
z𝑚

𝜏

))
. (7)

To preserve modality-specific discriminability, a supervised cross-entropy loss L𝑚
cls =

CE( 𝑦̂𝑚, 𝑦) is also included, yielding the overall objective function of Stage 3:

L3 =
∑︁

𝑚∈{fMRI,EEG}

(
L𝑚

cls + L
𝑚
distill

)
, L𝑚

distill = 𝜂L𝑚
feat + 𝜅 L𝑚

KD, (8)

whereL𝑚
distill combines feature-level and logit-level distillation, and 𝜂 and 𝜅 control their

relative contributions. At inference, the teacher fusion branch is discarded, and only the
distilled student encoder is used to predict 𝑦̂𝑚 from the available modality.

3 Datasets and Data Preprocessing

We collect 8 datasets spanning fMRI-only, EEG-only, and paired fMRI-EEG cohorts
(Table 1). The fMRI-only cohorts comprise ADNI and OASIS [8,15]; the EEG-only
cohorts comprise ADSZ, ADFTD, APAVA, and ADFSU [1,16,23,25]; and the paired
cohorts comprise BrainLat and PEARL-Neuro [20,6], which are used for fusion in
Stage 2 training and distillation in Stage 3 (BrainLat: 15 AD and 17 NC pairs; PEARL-
Neuro: 78 NC pairs). Accordingly, Stage 1 pretrains modality-specific encoders using
all available single-modality data. Stage 2 optimizes the fusion model using paired
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Table 1. Demographic and clinical characteristics of the datasets used in this study.

Dataset Modality Group 𝑁 M/F Age (y) Clinical score (MMSE/MoCA)

BrainLat [20]
fMRI AD 46 19/27 76.17 ± 8.33 - / 15.95 ± 4.15

NC 83 44/39 70.10 ± 7.61 - / 27.02 ± 3.18
EEG AD 35 15/20 76.66 ± 7.87 - / 16.92 ± 3.45

NC 45 20/25 69.63 ± 8.09 - / 25.45 ± 3.41

PEARL-Neuro [6] fMRI NC 78 39/39 55.29 ± 3.14 - / -EEG

ADNI [8] fMRI AD 133 70/63 72.80 ± 7.30 22.90 ± 2.50 / -
NC 565 235/330 74.64 ± 7.25 29.10 ± 1.10 / -

OASIS [15] fMRI AD 43 28/15 73.15 ± 6.62 25.58 ± 3.35 / -
NC 207 107/100 72.30 ± 4.46 28.87 ± 1.37 / -

ADFTD [16] EEG AD 36 12/24 66.39 ± 7.89 17.75 ± 4.50 / -
NC 29 18/11 67.90 ± 5.40 30.00 ± 0.00 / -

ADFSU [25] EEG AD 160 - - - / -
NC 12 - - - / -

APAVA [23] EEG AD 12 5/7 72.8 ± 8.0 - / -
NC 11 - - - / -

ADSZ [1] EEG AD 24 - 72.00 ± 11.00 - / -
NC 24 - 69.00 ± 16.00 - / -

fMRI-EEG data, and Stage 3 further utilizes all available data to transfer the learned
multimodal knowledge back to single-modality models.

Resting-state fMRI scans are processed using a standardized pipeline [26]: We
discard the first 5-10 volumes, perform slice-timing and motion correction, exclude
subjects with excessive motion (translation > 2 mm or rotation > 2◦), regress nuisance
signals (white matter, cerebrospinal fluid, and motion parameters), normalize to MNI
space with 3 mm FWHM smoothing, and apply band-pass filtering (0.01-0.1 Hz; native
TR). Multiscale ROI time series are then extracted to compute Pearson correlation FCNs.
EEG signals are preprocessed via ICA-based artifact removal, band-pass filtering (0.5-
49 Hz), and resampling to 128 Hz. Electrode signals are projected onto cortical source
space using sLORETA [18], decomposed into five canonical frequency bands (𝛿: 0.5-
4 Hz; 𝜃: 4-8 Hz; 𝛼: 8-13 Hz; 𝛽: 13-30 Hz; 𝛾: 30-49 Hz), and band-limited FCNs are
estimated using oPEC to mitigate volume-conduction artifacts.

4 Experiments and Results

4.1 Implementation Details

All experiments are implemented in PyTorch [19] and run on one NVIDIA A100 (40 GB)
GPU using Adam [11] (batch size 32, learning rate 10−3, weight decay 0.001). We use
subject-level five-fold cross-validation, holding out 10% of the subjects in each training
split for validation. ComBat harmonization parameters are estimated on the training
split and applied to the held-out validation and test splits. For distillation in Stage 3, 𝜂
and 𝜅 control feature- and logit-level distillation, and 𝜏 controls teacher-logit softness.
We select them on the validation split using AUC, the selected setting is 𝜂 = 0.5,
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Table 2. Single-modality comparison and ablation of CMD-AD for AD vs. NC classification.
Best results in each block are in bold.

A. Comparison with Single-modality Methods (identical inputs)

Method fMRI-only EEG-only

ACC AUC SEN SPE ACC AUC SEN SPE

GCN [12] 65.28±2.57 71.12±1.66 66.69±2.60 64.95±2.61 58.59±2.17 64.19±2.74 59.94±1.78 56.78±2.73
BrainNetCNN [9] 68.74±2.76 74.19±2.83 71.18±1.63 68.16±3.08 60.74±3.11 65.34±2.43 61.45±3.02 59.79±3.57
GAT [24] 68.40±2.90 73.75±2.13 69.85±3.05 68.05±2.97 60.31±2.25 64.89±2.52 62.19±2.09 57.78±2.83
BrainGNN [13] 71.95±3.25 78.19±3.14 72.56±3.71 71.81±3.20 62.67±2.42 68.75±2.91 63.69±2.48 61.31±2.80

CMD-AD (w/o distillation) 73.51±1.03 80.88±1.13 81.99±1.46 71.49±1.22 63.52±1.15 71.63±1.23 68.18±1.58 57.29±1.43
CMD-AD (w distillation) 75.50±1.17 83.70±1.07 81.09±1.00 74.17±1.28 65.02±1.11 73.77±1.24 65.93±1.27 63.82±1.26

B. Ablation Study (single-modality distill)

Variant fMRI-only (Distill) EEG-only (Distill)

ACC AUC SEN SPE ACC AUC SEN SPE

w/o multiscale 67.10±1.94 70.60±2.29 69.84±2.24 66.45±1.88 59.23±1.56 63.80±2.72 59.57±3.54 58.79±1.25
w/o multiband 70.65±2.88 75.80±2.77 75.71±3.41 69.45±2.81 59.67±3.46 64.80±2.89 59.95±3.50 59.29±3.70
w/o BCMF (self-attn) 72.99±2.95 78.80±1.95 77.49±2.00 71.91±3.21 63.96±2.19 71.20±2.41 65.19±2.17 62.32±2.90
Full CMD-AD (BCMF) 75.50±1.17 83.70±1.07 81.09±1.00 74.17±1.28 65.02±1.11 73.77±1.24 65.93±1.27 63.82±1.26

𝜅 = 0.5, and 𝜏 = 2. In Stages 2 and 3, class-balanced oversampling is applied only
within the paired training split after subject-level splits are fixed; validation and test
distributions remain unchanged. Test subjects remain unseen throughout all stages. We
report mean±std across folds for accuracy (ACC), sensitivity (SEN), specificity (SPE),
and area under the receiver operating characteristic curve (AUC).

4.2 Results

Comparison Experiments. We compare CMD-AD with representative single-modality
FCN classifiers under identical inputs (Table 2, Block A). Without distillation, CMD-
AD achieves 73.51% fMRI-only ACC and 63.52% EEG-only ACC, outperforming the
strongest baseline BrainGNN, which reaches 71.95% and 62.67% ACC for fMRI-only
and EEG-only diagnosis, respectively. Compared with BrainGNN, CMD-AD improves
ACC/AUC by 1.56/2.69% for fMRI-only diagnosis and by 0.85/2.88% for EEG-only
diagnosis. These gains before distillation indicate that the hierarchical modality-specific
encoder already provides stronger single-modality representations by modeling mul-
tiscale spatial network organization for fMRI and frequency-specific temporal cou-
pling for EEG. After cross-modality knowledge distillation, the full CMD-AD fur-
ther increases fMRI-only ACC/AUC to 75.50%/83.70% and EEG-only ACC/AUC
to 65.02%/73.77%. Relative to CMD-AD without distillation, distillation improves
ACC/AUC by 1.99/2.82% for fMRI-only diagnosis and by 1.50/2.14% for EEG-only
diagnosis. It also improves specificity with modest sensitivity changes: fMRI-only SPE
increases from 71.49% to 74.17%, with SEN changing from 81.99% to 81.09%, and
EEG-only SPE increases from 57.29% to 63.82%, with SEN changing from 68.18%
to 65.93%. These results indicate that the fused multiscale spatiotemporal represen-
tations learned from paired fMRI-EEG data transfer complementary cross-modality
information to single-modality models, improving robustness when only one modality
is available.
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Fig. 2. Interpretability of CMD-AD. (A) Group-averaged ROI-level Grad-CAM maps. (B)
Network-level saliency at each scale.

Ablation Study. We ablate CMD-AD under single-modality inference after distillation
(Table 2, Block B) and summarize performance using ACC and AUC. Removing the
multiscale hierarchy causes the largest degradation: fMRI-only ACC/AUC decreases
from 75.50%/83.70% to 67.10%/70.60%, and EEG-only ACC/AUC decreases from
65.02%/73.77% to 59.23%/63.80%. This suggests that multiscale spatial network orga-
nization is essential not only for fMRI representation learning but also for establishing
reliable cross-modality alignment across atlas scales. Collapsing EEG bands into a single
channel also degrades performance, reducing fMRI-only ACC/AUC to 70.65%/75.80%
and EEG-only ACC/AUC to 59.67%/64.80%. The decrease in EEG performance in-
dicates the importance of frequency-specific temporal coupling, while the concurrent
decrease in fMRI performance suggests that removing EEG band structure weakens the
temporal guidance transferred to the fMRI model during distillation. Replacing BCMF
with intra-modality self-attention yields a smaller but consistent decrease, with fMRI-
only ACC/AUC dropping to 72.99%/78.80% and EEG-only ACC/AUC dropping to
63.96%/71.20%. This confirms that bidirectional cross-modality fusion provides useful
complementary information beyond within-modality encoding alone. Overall, these re-
sults show that multiscale modeling, multiband EEG representation, and BCMF jointly
support the final single-modality performance.

Interpretability. We interpret CMD-AD using Grad-CAM [22] applied to ROI repre-
sentations of the fused branch before graph readout, with saliency computed with respect
to the AD-NC logit. Fig. 2(A) displays group-averaged ROI saliency across Schaefer
scales (100-500), and Fig. 2(B) summarizes saliency aggregated within Yeo-7 subnet-
works [30]. Association systems are consistently more salient than primary sensory
systems across all scales. This cross-scale consistency indicates atlas-robust evidence
usage, rather than reliance on a specific parcellation.
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5 Conclusion

We present CMD-AD, a three-stage framework that transfers multimodal knowledge
between fMRI and EEG to enhance single-modality AD diagnosis. CMD-AD first pre-
trains hierarchical modality-specific encoders to learn discriminative single-modality
representations, then learns fused multiscale spatiotemporal representations from paired
subjects via scale-wise bidirectional cross-attention, and finally distills these fused rep-
resentations and softened logits back into each modality-specific encoder. Evaluated on
multicenter cohorts, CMD-AD improves fMRI-only ACC from 73.51% to 75.50% and
EEG-only ACC from 63.52% to 65.02%, demonstrating that cross-modality training
can effectively support practical single-modality deployment when paired fMRI-EEG
data are limited.
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