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Adjacent-Aware Modality Recovery Based on
Incomplete Multi-Modal Brain Disease Diagnosis
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Abstract— Multi-modal learning is extensively applied to
diagnose brain diseases such as epilepsy and Alzheimer’s
disease. However, incomplete multi-modal data, where
some modalities are unavailable or difficult to collect, limits
the effectiveness of conventional methods. Additionally,
existing approaches often overlook semantic relationships
between neighbors with the same-label and latent informa-
tion in missing modalities. To address these challenges, we
propose an adjacent-aware distillation recovery framework
designed for incomplete multi-modal learning, with a focus
on diagnosing representative brain diseases, i.e. epilepsy
and Alzheimer’s disease. The key novelty of our framework
lies in its joint design of adjacent-aware modality recovery
and multi-modal representation learning in a single end-
to-end pipeline. Specifically, we introduce a label-guided
adjacent-aware recovery module that uses a self-attention
mechanism to exploit neighbor semantics and generate
distribution-consistent features for high-quality modality
reconstruction. The recovered features are then refined
through a knowledge distillation pathway into a modal-
ity generator, enhancing generalization under severe data
incompleteness. For multi-modal representation learning,
the recovered modality information is fused with the orig-
inal incomplete information to enhance feature extraction
and representation. Extensive experiments demonstrate
the effectiveness of our method in diagnosing epilepsy and
Alzheimer’s disease.

Index Terms— Incomplete multi-modal brain image learn-
ing, adjacent-aware recovery, self-attention encoder, knowl-
edge distillation, joint optimization.
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I. INTRODUCTION

THE human brain, with billions of neurons and synapses,
enables complex behaviors and perceptions [1], while

diseases like Alzheimer’s disease and epilepsy disrupt these
functions [2]. Epilepsy is a neurological disorder characterized
by sudden seizures that affect movement and consciousness,
often involving recurrent and severe convulsions without an
identifiable trigger [3]. Alzheimer’s disease is a progressive
neurodegenerative disease leading to memory loss and cogni-
tive decline, significantly impacting the elderly population [4].
Advances in brain imaging, particularly functional magnetic
resonance imaging (fMRI) [5] and diffusion tensor imaging
(DTI) [6], can help us better understand and diagnose these
conditions by exploring their connection to the nervous system
[7]. fMRI captures temporal coherence by detecting changes in
brain activity associated with blood flow [8], while DTI reveals
the structural connectivity of the brain through the diffusion
patterns of water molecules [9]. Disrupted coupling between
functional and structural brain networks in certain diseases
[10] suggests that combining fMRI and DTI data enables more
accurate detection of subtle pathophysiological abnormalities
compared to single-modality approaches [11].

In recent years, multi-modal deep neural network technol-
ogy [12], [13] has overcome the limitations of traditional
unimodal diagnostic methods, sparking widespread research
interest and significantly advancing the classification of brain
diseases [14], [15], [16], [17]. However, the challenge of
diagnosing brain diseases with incomplete multi-modal data
remains increasingly significant [18]. In brain imaging analy-
sis, a common problem is the absence of certain modalities in
some samples [19]. For example, patients may be unable to
fully cooperate with all imaging procedures due to physical or
economic factors. Additionally, noise or head motion during
Diffusion Tensor Imaging (DTI) can hinder fiber tracking,
leading to incomplete DTI structural networks. This missing
condition can cause a modality to be missing in some samples,
thus affecting the results of fusing multi-modal features to
diagnose brain diseases. As shown in Fig. 1, different strate-
gies for handling missing modalities lead to distinct decision
boundaries. Dropping incomplete samples may result in under-
fitting due to reduced training data, while relying only on
the limited modalities often weakens feature representation. In
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Fig. 1. The schematic illustration of how the processing of incomplete
brain data affects disease diagnosis. The less information is missing, the
more clearly defined the boundaries of the learned decision categories
become.

contrast, strategies that reconstruct or approximate the missing
modality can retain multi-modal information and support more
accurate and robust decision boundary learning.

In the field of brain disease diagnosis with incomplete
multi-modal data, various methods have been proposed to
address the challenges posed by missing modalities. For
instance, Zhu et al. [20] developed a low-rank representation
method for epilepsy classification, achieving promising results
with incomplete DTI and fMRI data. Similarly, Meng et al.
[21] proposed the Multi-modal Modality-masked Diffusion
Network (M2DN), which leverages progressive inpainting and
modality masking to flexibly synthesize missing modalities.
Despite these advances, these methods generally do not
adequately capture the semantic relationships between
neighbors with the same label. Moreover, they often overlook
the latent information embedded in the missing modalities,
limiting their effectiveness in comprehensively leveraging the
multi-modal data.

To address these challenges, we propose a deep learning
framework for incomplete multi-modal data, the Adjacent-
Aware Distillation Recovery Network (ADRNet). This frame-
work recovers missing modalities using the adjacent-aware
distillation recovery strategy, which exploits semantic rela-
tionships between neighboring modalities with the same label
and shared inter-modal semantics to enrich multi-modal rep-
resentations. To enhance both robustness and efficiency, we
introduce a modality generator that enables joint optimization,
where the outputs of distillation recovery are refined through
representation learning, which in turn enhances the effective-
ness of the recovery process.

To evaluate the classification performance of our method
for epilepsy and Alzheimer’s disease, we use two datasets,
Epilepsy and ADNI, containing both fMRI and DTI modali-
ties. The Epilepsy dataset is collected from Jinling Hospital,
while ADNI is sourced from the Alzheimer’s Disease Neu-
roimaging Initiative [22]. Both datasets are preprocessed using
consistent methods, with further details provided in the exper-
iment sections. All experiments in this study are conducted
on these two datasets. The code for our method is publicly
available at: https://github.com/tweety1028/ADRNet.

The key contributions of this paper are summarized as
follows:
• We propose ADRNet, a unified deep multi-modal learning

framework specifically designed for incomplete brain
disease diagnosis. Unlike existing approaches that sep-
arately perform modality recovery and representation
learning, ADRNet jointly optimizes adjacent-aware dis-
tillation recovery and multi-modal representation learning
in an end-to-end manner.

• For distillation recovery learning, we design a label-
guided adjacent-aware recovery module with self-
attention to capture same-label semantics and generate
distribution-consistent features. These features are dis-
tilled into a modality generator to enhance generalization
under severe data incompleteness.

• For multi-modal representation learning, the recovered
and complete modalities are fused to learn discriminative
multi-modal representations, which are directly optimized
for the downstream diagnostic task, thereby improving
classification accuracy and robustness.

• We construct a private dataset Epilepsy and an open-
source dataset ADNI. Both datasets include fMRI and
DTI modalities, and both contain three categories. The
experimental results demonstrate the superior perfor-
mance of our proposed module compared to previous
state-of-the-art methods.

II. PRELIMINARY

.A. Problem Definition and Notations
For clarity, we first provide a formal definition of the

problem under investigation. In this paper, bold uppercase
letters (e.g., Z) are used to denote matrices, while bold italic
lowercase letters (e.g., z) represent vectors. For convenience,
we illustrate our method using fMRI and DTI modalities
as examples. Given an incomplete multi-modal dataset S, it
consists of three parts: the complete set Sp = {(xp

i , y
p
i , l

p
i )|i ∈

[1,Np]}, the fMRI-missing set Sd = {(?, yd
i , l

d
i )|i ∈ [1,Nd]},

the DTI-missing set S f = {(x f
i , ?, l

f
i )|i ∈ [1,N f ]}, where

? denotes missing data. Here, N∗, ∗ ∈ {p, d, f } denotes the
number of samples in each corresponding subset. The variables
x∗i ∈ R

d f , y∗i ∈ R
dd , and l∗i represent the fMRI data, DTI

data, and the true label of the i-th sample, respectively. The
single-label vector l∗i ∈ {0, 1, 2, . . .,C} denotes the category to
which the i-th sample belongs, where C is the total number of
categories. The primary objective of our method is to predict
the classification label l∗i for each sample. A summary of the
key notations is listed in Table I.

.B. Related Work
1) Incomplete Multi-Modal Brain Imaging Analysis: Incom-

plete multi-modal brain imaging analysis is an emerging
field focused on integrating neuroimaging data from various
modalities to explore complex brain structures and relation-
ships. Among these, fMRI and DTI are the most widely used
modalities [23]. Recent studies have made notable progress
in addressing these issues. Yang et al. [24] proposed a
modal-mixup imputation and bilateral deep-supervision net-
work for robust brain disorder diagnosis with incomplete
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TABLE I
KEY NOTATIONS OF OUR FRAME

modalities on the ADNI dataset. Liu et al. [25] proposed an
autoencoder-based multi-view missing data completion frame-
work (AEMVC) for addressing incomplete multi-modal data
in AD diagnosis by learning robust representations through
latent space mapping, graph regularization, and kernel meth-
ods. Wang et al. [26] presented ShaSpec, a method that models
shared and specific features across modalities, enhancing
data representation through auxiliary tasks and feature fusion
for classification and segmentation. While these approaches
demonstrate the potential of incomplete multi-modal analy-
sis, they do not fully utilize neighbor-related semantics and
inter-modal commonalities to guide the recovery of missing
modalities.

2) Self-Attention Mechanism in Brain Imaging Analysis: In
recent years, the self-attention mechanism [27] has become
increasingly popular in brain imaging analysis for its effec-
tiveness in modeling long-range dependencies and capturing
global context. Unlike traditional convolutional approaches
that focus on local receptive fields, self-attention models
pairwise interactions across all input elements, making them
ideal for complex brain imaging data such as fMRI and
DTI. For instance, Zhang et al. [28] introduced mmFormer,
a Transformer-based approach leveraging hybrid and modality
correlated encoders for robust brain tumor segmentation from
incomplete MRI data. Similarly, Oh et al. [29] integrated
self-attention into unsupervised learning networks to enhance
non-rigid registration by capturing both local and global struc-
tural features in brain MRIs. Huang et al. [30] developed a new
deep learning-based segmentation method with a contextual
transformer block and hybrid dilated convolution for fetal
brain MRI segmentation.

Mathematically, the self-attention mechanism computes the
output representation zi as:

zi = Softmax
�

qiKT

√
dk

�
V (1)

where qi ∈ R
1×dk denotes the query vector, and K,V represent

the key and value matrices derived from all input features.
dk is the dimensionality of the key vectors. This formulation
allows the model to focus on relevant regions of the input,
facilitating effective feature extraction from high-dimensional
brain imaging data.

III. METHOD

As illustrated in Fig. 2, we propose an enhanced incom-
plete multi-modal classification model, the Adjacent-aware
Distillation Recovery Network (ADRNet), for a supervised
single-label classification task, i.e. incomplete brain disease
diagnosis. The framework consists of three key modules:
the Adjacent-aware Recovery (“A”), the Modality Generator
(“G”), and the Multi-modal Feature Encoder (“E”). In this
work, we define “adjacent” as referring to anchor samples that
share the same label and exhibit high feature similarity with
the target sample. The class-consistent semantic information
distilled from these anchors, referred to as adjacent semantic,
is used to guide the modality recovery process.

The workflow illustrated in Fig. 2 is described as follows:
Firstly, the multi-modal data are processed through MLP to
obtain multi-modal embeddings. Subsequently, the original
features are subjected to “A” to capture the adjacent semantics,
and the learned recovery information is distilled into “G” to
enhance the generalization capability. Next, the Multi-modal
Feature Encoder (E) extracts potential semantic representations
from both the original and recovered features, and merges
them within the fusion module (F) to generate the final latent
multi-modal representations. It is worth noting that “G” is
supervised by “A” during the training phase, and only “G”
is in effect during the prediction phase.

.A. Feature Transformation
In this subsection, we first extract the feature embedding

matrix. The N samples of incomplete brain image data,
consisting of both fMRI and DTI modalities, are divided into
B regions, with the fMRI data further segmented into T time
series. After pre-processing, as described in Section IV-A.2,
we obtain two tensors: F̂ ∈ RN×B×T , which contains dynamic
functional information, and D̂ ∈ RN×B×B, which represents
structural connectivity information. Additionally, we have a
single-label matrix L = {li|li ∈ {0, 1}1×C , i ∈ [1,N]}. To
reduce computational complexity and facilitate subsequent
processing, it is necessary to extract embeddings from the
tensor data. Since the dimensions B × T and B × B can
be excessively large, potentially leading to computational
inefficiencies or overflow, we apply a Multilayer Perceptron
(MLP) [31] to perform effective dimensionality reduction.
The MLP comprises a hidden layer and a fully connected
layer, designed to transform high-dimensional data into a more
concise and easier-to-process representation, as shown below:

F̃ = MLP(F̂; d f ),

D̃ = MLP(D̂; dd), (2)

where F̃ = {xi | xi ∈ R
d f , i ∈ [1,N]} and D̃ = {yi | yi ∈ R

dd , i ∈
[1,N]}, with d f and dd representing the fMRI and DTI feature
dimensions.
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Fig. 2. Overview of the proposed Adjacent-aware Distillation Recovery Network (ADRNet). The framework consists of two main components: (1)
a cross-modal recovery learning module, where the adjacent-aware recovery module “A” captures neighboring semantics and distills them into the
modality generator “G” for missing modality reconstruction; and (2) a multi-modal feature learning module, which includes a feature encoder “E” and
a fusion module “F ” to extract and integrate features from both original and recovered modalities.

.B. Distillation Recovery Learning

Samples with the same label inherently share semantic
relevance, and semantic consistency exists across different
modalities of the same sample. Missing modality can be effec-
tively complemented using information from label-consistent
anchor samples and other available modalities. Under this
basis, we design a distillation recovery learning framework
comprising: (1) Adjacent-aware Module (“A”); (2) Modality
Generator (“G”).

1) Adjacent-Aware Recovery (“A”): Let’s begin by intro-
ducing the core idea of this module. When fMRI data are
missing, the missing values can be supplemented using data
from label-consistent and semantically similar samples within
the same modality, as well as from other modalities of the
same sample. This assumes semantic correlations between
neighboring regions and shared semantic information across
different modalities of the same sample. By aggregating intra-
modal information from samples with the same label, we can
generate representations that are consistent in distribution. In
general, similar data points tend to be close to one another.
Therefore, it becomes essential to construct an anchor set from
label-consistent and semantically similar samples, enabling
the model to identify the most relevant anchors for each
incomplete sample. To address the challenge of matching the
missing data with the most similar anchors and capturing
the shared semantics across modalities, we employ a self-
attention strategy, which facilitates this process effectively. In
this section, we present the module with an example drawn
from the incomplete instances in the fMRI-missing set, Sd.

Before searching for the most similar neighbors within its
adjacent region, it is necessary to construct an anchor set
to narrow the search scope. This process can be uniformly
formalized as follows:

Xa = {(xp
i , l

p
i ) | (xp

i , y
p
i , l

p
i ) ∈ RandomS ample(Sp,Na)},

Ya = {(yp
i , l

p
i ) | (xp

i , y
p
i , l

p
i ) ∈ RandomS ample(Sp,Na)}, (3)

where Na is the size of the anchor set, and the function
RandomS ample(Sp,Na) randomly selects Na samples from
Sp. The anchor sets Xa ∈ RNa×d f and Ya ∈ RNa×dd denote
the anchors of fMRI or DTI from Sp, respectively. Given
these anchors, the adjacent-aware module “A” leverages the
complete modality of the target sample and the anchor sets to
recover the missing modality, formulated as:

(exd
i )A = A(yd

i ,Y
a,Xa; θA), (4)

where θA is the trainable parameter, and (exd
i )A denotes the

recovered fMRI feature of fMRI-Missing samples, gener-
ated by module “A”. As depicted in Figure 3, each anchor
is assigned a semantic similarity based on how closely it
resembles the DTI data yd

i of the fMRI-Missing samples.
Semantically relevant adjacent samples from the anchor set
are then used for learning, and eq.(4) describes this process.

Based on Eq. (1), we introduce a learnable recovery strategy
utilizing the self-attention mechanism to learn relationships
between adjacent samples and facilitate adjacent-aware recov-
ery. This approach can be expressed as:

K = YaWK , qd
i = yd

i WQ,V = XaWV , (5)
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Fig. 3. The details about the process of matching missing samples to
complete sample anchors. The process matches anchor points with the
same label and similar complete modalities as the missing sample, then
inputs the matched anchors and the sample’s complete modality into
Module “A” to recover the missing modality.

where WQ ∈ Rdd×dk , WK ∈ Rdd×dk , WV ∈ Rd f×dk are
trainable parameters. To improve the quality of the selected
nearest adjacent samples, we refine the learnable attention
scores by introducing a label similarity score, denoted as si,
which measures the overall semantic consistency between the
i-th sample and the entire anchor set based on their label
information, and is defined as:

si = Σ
Na
j=12× 1

1 + exp(−(ldi × laj
T + KL(eldi ,elaj ))) − 1, (6)

where KL(·, ·) is Kullback-Leibler Divergence [32], eldi and elaj
are regularized. We employ KL divergence to measure the
distributional difference between label representations, as it
provides a principled way to quantify how much information
is lost when approximating one label distribution with another.
This is particularly important for capturing semantic relation-
ships between samples with similar but not identical label
patterns, enabling more nuanced similarity assessment beyond
simple label matching. The label similarity score encodes
inter-sample label relationships, enabling the refinement of
self-attention scores to prioritize semantically relevant anchor
samples. As illustrated in Figure 4a, the self-attention mech-
anism designed according to our method can be formulated
as:

zd
i = so f tmax

�
qd

i KT

√
dk
� si

�
V, (7)

where zd
i represents the latent semantics of the fMRI-Missing

samples, and � represents the Hadamard product. Then we
process the aggregated semantic information further to recover
the missing modality as follows:

ẑd
i = LN(LN(zd

i ) + FFN(zd
i ; θFFN)), (8)

where LN(·) denotes layer normalization and FFN(·; θFFN)
refers to a feed-forward network. Eq. (8) combines the nor-
malized feature sequences with the original input feature
sequences, then transforms the spliced features using a feed-
forward network. This process helps alleviate the gradient
vanishing problem in deep networks and enables the learning
of more complex feature representations. Finally, we design a

Fig. 4. Details of the distillation recovery learning module, containing
the Transformer strategy and the multi-modal encoder.

fully-connected layer FC(·; θFC) to reconstruct missing fMRI
modality:

(exd
i )A = FC(ẑd

i ; θFC), (9)

where θFC is the trainable parameter. It is important to note
that this module will only be executed in the training phase
for reasons that will be analyzed subsequently.

2) Modality Generator (“G”): Using the adjacent-aware mod-
ule “A” directly as the final recovery module can present
significant challenges. During the adjacent-aware process, cer-
tain modalities may be entirely missing, leaving the model
unable to identify anchor points with relevant semantics.
Another reason is that, considering the boundary condition
where the data in the prediction phase may be complete, the
recovered modality information could be less informative than
the original data. In such cases, the adjacent semantics learned
by the “A” module may lack proper guidance, resulting in
flawed recovery and negatively affecting the quality of the
generated missing modality.

To deal with this concern, we introduce a linear modality
generator “G,” which leverages the rich semantics captured
by the “A” module to guide the final recovery process. This
essentially distills the knowledge learned by module “A” into
module “G”, guiding “G” to capture the hidden semantics of
the data and thereby enhancing its generalization capability.
This approach uses available modalities to enrich the recovery
process by integrating shared semantics across modalities. The
process can be formulated as follows:

(exd
i )G = G(yd

i ; θG), (10)

where (exd
i )G is the fMRI feature of Sd generated by the

“G” module, θG are the trainable parameters, and G(·; θG)
consists of multiple MLP modules. The module G utilizes
the common semantics between modalities to achieve mutual
recovery. While the generator leverages available modali-
ties to recover missing modalities and maintain semantic
consistency across modalities, it inevitably introduces a dis-
tributional inconsistency between the recovered modality and
the original modality. As illustrated in Figure 4, the gener-
ated feature recovered only by the modality generator lacks
effective guidance, which can hinder the overall quality of
recovery. Therefore, the strategy of distilling the learned
nearest-neighbor semantics from “A” to “G” naturally and
reasonably solves this problem, making the whole distillation
recovery learning more robust and generalizable.
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.C. Multi-Modal Representation Learning

After completing the distillation recovery learning process,
the next step is multi-modal feature learning. As illustrated in
Fig. 2, we introduce a multi-modal feature encoder, “E”, for
each modality to map the data into a common latent space as
follows:

f ∗i = Ex(x∗i ; θEx ), d
∗
i = Ey(y∗i ; θEy ), (11)

where f ∗i ∈ R
d f and d∗i ∈ R

dd represent the latent features of
fMRI and DTI, respectively, while x∗i and y∗i correspond to the
complete data and the recovered features generated by “G”.
The feature encoder, implemented as an MLP-based neural
network, outputs relaxed modal features suitable for subse-
quent fusion. These multi-modal common representations are
then fused, followed by a classification layer to predict the
classification outcome, as expressed below:

h∗i = F
�

f ∗i + d∗i
2

, θF

�
, (12)

where the fusion module “F” is implemented using a weighted
averaging strategy, and h∗i denotes the fused semantic repre-
sentation. Finally, the predicted labels are obtained as follows:bl∗i = Argmax(S o f tmax(h∗i )). (13)

Notably, by integrating the recovery modalities into the multi-
modal representation learning process, the optimization of
representation learning indirectly facilitates the distillation
recovery learning. Therefore, our framework enables the joint
optimization of both the distillation recovery module and
multi-modal representation learning.

.D. Loss Function

To achieve training convergence, we first distill the output
of “A” to “G” using the following function:

Ldistill = ΣN
i=1 ‖ (ex∗i )G − (ex∗i )A ‖22 + ‖ (ey∗i )G − (ey∗i )A ‖22, (14)

Subsequently, we calculate the classification loss by com-
paring the predicted labels bl∗i with the true labels l∗i using
cross-entropy loss:

Llabel = ΣN
i=1CE(bl∗i , l∗i ), (15)

where CE(·) is the Cross-entropy loss.
To further enhance joint optimization, we introduce a pair-

wise matching loss as follows:

Lpair = ΣN
i, j(cos(h∗i , h

∗
j) − si j)2, (16)

where si j is the label similarity score between the i-th sample
and the j-th anchor sample. Finally, the total loss function is:

L = λ1Ldistill + λ2Llabel + Lpair, (17)

where λ1 and λ2 are trade-off hyper-parameters balancing the
contribution of each loss term. Algorithm 1 summarizes the
proposed method.

Algorithm 1 The Algorithm of the Proposed Method

TABLE II
CHARACTERISTICS OF PARTICIPANTS OF TWO DATASETS

IV. EXPERIMENTS

.A. Materials

1) Data Collection: In this section, we conduct experiments
on the Epilepsy dataset and the ADNI dataset. Detailed demo-
graphic information, including gender (Male/Female) and age
(Mean ± Std), is provided in Table II. Detailed descriptions
of the datasets are provided as follows:

a) Epilepsy: The resting-state fMRI and DTI data were
collected from Jinling Hospital, Nanjing University School of
Medicine. The Epilepsy dataset includes 306 subjects: 114 NC
(58 males, 56 females; mean age 26.2 years), 103 FLE (53
males, 50 females; mean age 24.1 years), and 89 TLE (45
males, 44 females; mean age 25.3 years). Imaging data were
acquired using a Siemens Trio 3T scanner. The DTI scanning
parameters included an echo time of 93ms, repetition time of
6100ms, voxel size of 0.94× 0.94× 3mm3 and a flip angle of
90◦. The rs-fMRI scanning parameters were an echo time of
30ms, repetition time of 2000ms, voxel size of 3.75× 3.75×
3.75 mm3 and a flip angle of 90◦.
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b) Adni: A total of 226 samples were selected from
ADNI2 and ADNI3 (http://adni.loni.usc.edu), each including
both fMRI and DTI modalities. The dataset comprises 82 NC,
76 SMC, and 69 EMCI patients. The NC group includes 40
males and 42 females with a mean age of 74.3 years. The
EMCI group consists of 37 males and 32 females with an
average age of 74.8 years, while the SMC group includes 50
males and 29 females with an average age of 77.2 years.

2) Preprocessing: Specifically, all DTI data are prepro-
cessed using PANDA [33]. The FSL toolbox [34] is employed
to correct for distortions in the DTI data, and TrackVis [35]
is utilized to generate fiber tract images. Anatomical regions
are identified using the AAL criteria based on the subject’s
T1 images. Finally, the number of fibers is calculated as a
measure of the structural connectivity between regions. For
rs-fMRI data, preprocessing is carried out using SPM8 [36]
as implemented in the DPARSF toolbox [37]. Initially, the
serialized data are segmented and realigned to the EPI tem-
plate to correct for motion artifacts. Detrending is applied to
minimize the effects of head motion and to reduce interference
from cerebrospinal fluid (CSF) and white matter. Following
preprocessing, the rs-fMRI data are segmented into 90 regions
of interest (ROIs) using the Automated Anatomical Labeling
(AAL) atlas. In this process, the fMRI data for epilepsy
patients are divided into 240 timepoints, whereas the ADNI
dataset is divided into 197 timepoints.

.B. Experimental Settings

We begin by outlining the experimental settings of the
submodules in ADRNet, as described below:

• Fully-Connected Layer. The modality generator and the
multi-modal representation learning process in Eqs. (10)-
(12), are implemented using Fully-Connected (FC) layers.
Each FC layer consists of a linear projection, batch
normalization, and a Tanh(·) activation function.

• Transformer Encoder. We use a single transformer
encoder layer, with a latent dimension of 1,024 for the
self-attention mechanism (Eq. (7)) and 2,048 for the feed-
forward network FFN (.; θFFN).

• Modality Generator. This module comprises two FC
layers, with a latent dimension of 2,048.

• Multi-modal Feature Encoder. Composed of two FC
layers, this encoder processes fMRI and DTI modalities
with latent dimensions of 2,048 and 1,024, respectively.

• Fusion Module. This module consists of a single FC
layer followed by a S o f tmax(·) activation function.

The hyper-parameters in Eq. (17) are uniformly set
for both the Epilepsy and ADNI datasets, with values
λ1 = 0.35, λ2 = 0.5. The ADAM optimizer [38] is used with
a learning rate of 0.01. The batch size is set to 128, while
the size of anchor set Na is adjusted to 100. We begin by
optimizing the objective function in Eq. (14), followed by
the optimization of Eq. (17). Specifically, the adjacent-aware
recovery module is trained for 50 epochs. Subsequently,
the overall framework, illustrated in Figure 2, is trained for
100 epochs on both the Epilepsy and ADNI datasets. The

experiments are run on a system with a single NVIDIA RTX
4090 GPU and an Intel i9-13900KF CPU.

Since the collected dataset is complete, we simulate
data incompleteness by randomly removing modalities from
selected samples in the feature matrix. Specifically, we gen-
erate the missing sets Sd and S f by randomly removing data
from the original complete dataset S as follows:

Sd = RandomMiss(S, rd,Nd),

S f = RandomMiss(S, r f ,N f ), (18)

where the function RandomMiss(·) randomly selects Nd or N f

samples and removes their fMRI or DTI modalities according
to the specified missing rates rd and r f . This approach enables
the generation of artificial incomplete datasets that mimic real-
world scenarios, providing a basis to assess the robustness of
our method across different levels of data missingness.

.C. Evaluation Metric and Baselines
For the evaluation metrics, we utilize accuracy (ACC), F1

score, and area under the curve (AUC) [39], [40], [41] to assess
the performance of our method. To comprehensively evaluate
ADRNet and benchmark methods under different missing data
conditions, we introduce five levels of Missing Data Ratio
(MDR) [42] for performance assessment. For instance, an
MDR of 90% indicates that 90% of the data samples have
missing modalities, with the missing proportions of the fMRI
and DTI modalities being equal (i.e. 45% each). To ensure
a comprehensive comparison, our approach is benchmarked
against four state-of-the-art multi-modal brain imaging meth-
ods:
• AEMVC [25]: This method employs an autoencoder-

based framework that completes missing MRI/PET
modalities by aligning latent features using kernel space
embedding, graph regularization, and HSIC constraints,
while preserving structural and cross-modal correlations.

• MMBNet [24]: This method introduces a modal-mixup
strategy to synthesize complete samples from incomplete
data, combined with a bilateral deep-supervision network
to regularize functional and structural features for robust
classification independently.

• mm f ormer [28]: This method integrates CNN and Trans-
former modules, using modality-specific encoders and an
inter-modal Transformer to extract local-global features
and align cross-modality dependencies for segmentation
with missing MRI modalities.

• S haS pec [26]: This method models shared and modality-
specific features through parallel encoders and residual
fusion, enhanced by auxiliary domain classification and
distribution alignment to handle missing modalities in
multi-modal learning tasks.

Most of the experimental results are obtained by adapting
the publicly available source codes of the respective methods
to our framework and datasets.

.D. Classification Performance
As demonstrated in Table III, our method consistently

outperforms all baselines on the ADNI and Epilepsy datasets.
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TABLE III
THE CLASSIFICATION PERFORMANCE (Mean± STD) WITH VARIOUS MDR (%)

Fig. 5. ROC curves for the proposed method and comparison methods in brain disease diagnosis on the Epilepsy and ADNI datasets with
MDR=90%.

The best results are marked in bold, and the second-best results
are underlined. Notably, our method surpasses the suboptimal
approach by 2.94%, 2.94%, 2.39%, 1.63%, and 2.43% in ACC
on the Epilepsy dataset, and by 2.66%, 2.21%, 2.13%, 1.42%,
and 2.28% in ACC on the ADNI dataset, under various MDR
conditions. Moreover, the F1 Score and AUC achieved by our
method consistently exceed those of the suboptimal models

on both datasets, further confirming the enhanced performance
capabilities of our approach.

To reflect the most challenging real-world scenarios, we
further explored the ROC curves under a high MDR of 90%.
The ROC curves (Fig. 5) for the NC vs. TLE&FLE, NC vs.
TLE, and NC vs. FLE tasks on the Epilepsy dataset and the
NC vs. SMC&EMCI, NC vs. SMC, and NC vs. EMCI tasks
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TABLE IV
THE RECOVERY PERFORMANCE OF RECOVERED MODALITIES WITH MDR = 90%. (%)

on the ADNI dataset further illustrate this advantage, with
our method’s curve dominating the top-left corner and achiev-
ing the highest AUC. These results validate the robustness,
effectiveness, and superiority of our approach over baseline
methods.

This consistent superiority can be attributed to the unique
design of ADRNet in comparison to existing methods. While
AEMVC and ShaSpec emphasize multi-view representation
learning or decomposed feature fusion, they lack targeted
strategies for handling missing modalities and do not explicitly
enforce semantic alignment. MMBNet and mmformer, though
capable of flexible fusion or cross-modal modeling, are limited
when modality information is incomplete, as they do not incor-
porate explicit modality recovery guided by semantic context.
In contrast, ADRNet introduces an adjacent-aware recovery
module combined with label-guided distillation, which enables
it to recover missing modalities more effectively and maintain
semantic consistency across samples. This mechanism ensures
that the learned representations remain discriminative even
under varying degrees of incompleteness, ultimately leading
to better classification performance.

Moreover, it is noteworthy that most methods, including
ADRNet, achieve their peak performance when the MDR
is 10%. This can be attributed to the relatively low level
of data incompleteness, which preserves a sufficient number
of high-quality complete samples. These intact samples pro-
vide reliable semantic context to guide the recovery process,
allowing the model to learn inter-modal correlations more
effectively. Consequently, the recovery module benefits from
clearer supervision, leading to improved reconstruction fidelity
and enhanced classification robustness.

.E. Recovery Performance
To evaluate the model’s capability in restoring miss-

ing modalities, we assessed recovery performance under an
extremely high MDR of 90%. This setting simulates a worst-
case clinical scenario in which a substantial proportion of
modality data is unavailable. We employed three widely used
quantitative metrics to evaluate the quality of recovered fMRI
and DTI modalities:
• Recovery Modality Similarity (RMS) [43]: Measures

the cosine similarity between the recovered and ground-
truth modalities, reflecting semantic consistency.

• Mean Squared Error (MSE) [44]: Calculates the aver-
age squared difference at the voxel level. Lower values
indicate better numerical accuracy.

• Structural Similarity Index Measure (SSIM) [45]:
Measures image-level perceptual fidelity by comparing
structural information between the recovered and ground-

truth images. Extensively employed in medical image
restoration tasks.

For clarity, the reported RMS, MSE, and SSIM values
represent the average performance across both modalities
(fMRI and DTI). As shown in Table IV, ADRNet consistently
outperforms all baseline methods on both the Epilepsy and
ADNI datasets, achieving the highest RMS and SSIM, along
with the lowest MSE, even under MDR = 90%. These results
highlight the robustness and effectiveness of ADRNet in
recovering high-quality modalities under severe missingness.

The superior recovery performance of ADRNet under such
extreme conditions can be attributed to two key architectural
components: the adjacent-aware recovery module and the
knowledge distillation mechanism. The adjacent-aware module
effectively captures semantic relationships among same-label
neighbors, allowing the model to utilize informative contex-
tual signals when modality data is missing. In parallel, the
knowledge distillation strategy facilitates semantic transfer
from complete to incomplete modalities, further reinforcing
the recovery process. Together, these modules enable ADRNet
to minimize voxel-level reconstruction errors and preserve
structural integrity, as reflected in the lowest MSE and highest
SSIM scores.

Importantly, this high-quality recovery translates into better
downstream classification performance. By integrating the
results from Tables III and IV, we plotted scatter plots of
RMS vs. ACC and MSE vs. ACC under the 90% MDR
condition. As shown in Fig. 6, there is a clear positive
correlation between recovery quality and classification perfor-
mance: models exhibiting higher recovery fidelity consistently
achieve superior classification results. We also note that
the second-best baseline differs between Tables III and IV
for ADNI (MMBNet vs. ShaSpec), despite the small gap.
This discrepancy reflects different design priorities: MMBNet
emphasizes discriminative supervision for robust classification,
whereas ShaSpec focuses on shared-specific feature modeling
for modality reconstruction. Overall, ADRNet outperforms all
baselines because its adjacent-aware and label-guided recovery
enables high-fidelity reconstruction and superior diagnostic
accuracy under extreme data incompleteness.

.F. Ablation Study
To comprehensively evaluate the impact of key compo-

nents in ADRNet, we performed an ablation study with
the MDR fixed at 90%. Five model variants were designed
for comparison: 1) w/o Adjacent. This variant excludes the
adjacent-aware recovery module “A,” using original features
to guide the modality generator “G” with a reconstruction
loss. 2) w/o Score. The label similarity score described in
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TABLE V
THE PERFORMANCE (MEAN) OF ABLATION STUDY WITH MDR = 90%. (%)

Fig. 6. The correlation between recovery performance and classification performance with MDR=90%.

Eq. (6) is removed from the self-attention mechanism. 3)
w/o Recovery. This variant removes the distillation recovery
learning module, directly handling incomplete multi-modal
data. 4) w/o Pair. The pair-wise matching loss is replaced
with a classification loss. 5) w/o Anchor. The anchor selection
strategy was modified from random sampling to balanced
sampling, where each class contributes an equal proportion
of anchor samples. The experimental results are presented in
Table V, where the best results are marked in bold, and the
second-best results are underlined. These results provide the
following insights into the contributions of these components:
• w/o Adjacent: Removing the adjacent-aware recovery

module “A” leads to reduced performance. In scenarios
where original features are missing for incomplete multi-
modal data, reconstruction supervision cannot be applied.
In contrast, “A” effectively distills the adjacent semantic
information into “G”, enabling a more robust recovery
process.

• w/o Score: The results demonstrate that incorporating the
label similarity score enhances the attention mechanism
by filtering irrelevant adjacent data, improving the effec-
tiveness of distillation recovery learning.

• w/o Recovery: Removing distillation recovery learning
reduces the completeness of multi-modal semantic fea-
tures, degrading classification performance. The greater
the loss of information in the complete modality, the
more significant the performance decline, highlighting the
sensitivity of distillation recovery learning to multi-modal
semantic completeness.

• w/o Pair: Removing the pair-wise matching loss causes
a significant performance drop. The Hamming distance,
based on fused modal features and label similarity, reflects
matching relevance during training, making pair-wise
matching loss more effective than traditional classification
loss.

• w/o Anchor: The anchor selection strategy has limited
impact on performance, as each dataset contains around
300 samples and the anchor set size is fixed at 100.
Due to data splitting and missing rates, most available

Fig. 7. The top 20 most key brain connections in the Epilepsy and ADNI
datasets.

complete samples are already used as anchors. Addition-
ally, ADRNet’s label-aware matching reduces sensitivity
to anchor choice.

• ADRNet: The third variant exhibits the most significant
performance degradation, indicating that removing dis-
tillation recovery learning has a direct negative impact.
In contrast, excluding the adjacent-aware module allows
partial supervision from original features, reducing per-
formance loss. Similarly, even without the label similarity
score, the self-attention mechanism still generates effec-
tive attention weights, leading to less degradation.

.G. Biomarker Detection
To investigate the effectiveness of the proposed method

in identifying discriminative higher-order brain connections
related to Alzheimer’s disease and epilepsy, we identified the
20 most key brain connections from our experimental results
using significant connectivity changes (SAC) [46]. These con-
nections are visualized in Fig. 7. The identification is based on
the fused features generated by ADRNet, which incorporate
both complete and recovered modalities, enabling more com-
plete and semantically aligned representations. In the ADNI
dataset, discriminative connections are mainly located in the
temporal lobe and middle temporal gyrus, superior temporal
gyrus, hippocampus, and parahippocampal gyrus, which are
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Fig. 8. Spatial distribution of the top 10 most discriminative brain
regions in the Epilepsy and ADNI datasets.

closely related to memory function. Structural and functional
abnormalities in these regions are common in Alzheimer’s
disease, enabling the differentiation of NC from Alzheimer’s
patients. Additional key connections in the precentral and
middle frontal gyri, associated with higher cognitive functions,
highlight their importance in distinguishing NC, SMC, and
EMCI. In the Epilepsy dataset, the top 20 most influential
brain connections are mainly in the temporal lobe, including
the hippocampus, which is related to memory and emotional
regulation. Key connections in the frontal and parietal lobes
highlight differences between NC, TLE, and FLE patients,
playing a crucial role in distinguishing these groups based on
memory, cognition, and motor function.

Furthermore, we also observe that some discriminative
brain connections are located outside the key regions of
the temporal lobe and hippocampus from Fig. 7. For
example, in the Epilepsy dataset, discriminative connec-
tions include Heschl.L-Frontal.Sup.Medial.L and Pallidum.R-
Temporal.Pole.Sup.R, etc. In the ADNI dataset, discriminative
connections include Cingulum.Ant.L-Frontal.Inf.Tri.R and
SupraMarginal.L-Occipital.Mid.L, etc. This phenomenon may
be due to abnormal neural electrical activity caused by brain
diseases, as well as compensatory mechanisms. For instance,
one of the characteristics of Alzheimer’s disease is the
degenerative changes in neurons, leading to communication
disruptions between brain regions [47]. Additionally, during
epileptic seizures, abnormal neuronal discharges form seizure
foci in local brain areas, which then spread through neural
pathways to other regions [48]. Such irregularities may trigger
compensatory responses in unaffected brain regions to mitigate
functional deficits.

We also examine the top 10 most significant brain regions
identified by ADRNet in both the ADNI and Epilepsy datasets,
and visualize them as shown in Fig. 8. The discriminative
power of each brain region is calculated by summing the
regression coefficients of its associated connections, as derived
from the SAC-based non-negative elastic net model. For
epilepsy, the key brain regions primarily include Angular,
Frontal, and Cingulum, etc., which are closely associated with
higher cognitive functions and motor control. For Alzheimer’s
disease, the key brain regions primarily include the Precuneus,
Temporal Mid, and Parietal Inf, which are closely associated
with memory, language, and cognitive functions. Studies have
highlighted the importance of these regions in diagnosing
epilepsy [49] and Alzheimer’s disease [50]. These experimen-
tal results demonstrate that our method can effectively provide
biomarkers for epilepsy and Alzheimer’s disease diagnosis.

From a quantitative analysis perspective, the effectiveness
of our modality recovery module can be further verified
through similarity metrics. As shown in Table IV, ADRNet
achieves the highest recovery quality across all metrics on both
datasets, including the lowest MSE, highest SSIM, and highest
RMS, indicating that the recovered modalities are highly
consistent with the original data. Unlike existing methods that
either overlook missing modalities or lack explicit recovery
strategies, ADRNet incorporates an adjacent-aware recovery
mechanism guided by semantic distillation, which enables
more accurate and semantically aligned reconstruction. This
high-fidelity recovery plays a critical role in supporting reliable
biomarker detection, as it ensures that key disease-related pat-
terns are preserved rather than distorted during the imputation
process. Consequently, the discriminative brain connections
identified by ADRNet, such as those in the hippocampus and
temporal lobes for Alzheimer’s disease, as well as the frontal-
temporal circuitry for epilepsy, are more likely to reflect true
pathophysiological abnormalities rather than noise or artifacts.
For example, the hippocampus and middle temporal gyrus
are well-known to be involved in memory function and are
commonly affected in early Alzheimer’s disease, while epilep-
togenic activity frequently originates in the temporal lobe and
spreads through frontal and parietal regions. The ability of
ADRNet to recover such clinically meaningful connectivity
patterns highlights its potential for both accurate diagnosis and
biologically grounded interpretation [49], [51].

V. CONCLUSION

In this paper, we propose ADRNet, an incomplete multi-
modal data fusion framework based on adjacent-aware
distillation recovery learning for the diagnosis of epilepsy
and Alzheimer’s disease. Unlike conventional methods, ADR-
Net jointly performs adjacent-aware modality recovery and
multi-modal representation learning in an end-to-end man-
ner, effectively addressing missing modality challenges. This
approach not only enables effective model training with incom-
plete multi-modal data but also effectively recovers missing
modalities, leading to more precise predictions. We conduct
extensive experiments on both our private Epilepsy dataset
and the open-source ADNI dataset. The results demonstrate
that our method outperforms existing incomplete multi-modal
data fusion approaches in diagnosing epilepsy and Alzheimer’s
disease. Furthermore, our method can identify biomarkers,
offering promising prospects for enhancing the diagnosis of
brain disorders. Although the proposed framework achieves
promising results, its evaluation is currently limited to small-
scale datasets with two imaging modalities, and primarily
assumes random missing patterns. In future work, we plan to
incorporate large-scale pre-trained models to enhance modal-
ity recovery and extend the framework to more diverse or
longitudinal neuroimaging datasets.
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