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ABSTRACT

Functional MRI (fMRI) and structural MRI (sMRI) offer complementary insights into brain function and
anatomy, but their integration for schizophrenia identification remains challenging due to modality hetero-
geneity. Many existing methods fall short of effective modeling of the interaction between two modalities.
We propose CAMF, a Cross-Attentive Multi-modal Fusion framework that employs self-attention to capture
intra-modal patterns and cross-attention to learn inter-modal relationships. In addition, we introduce the
gradient-guided score-class activation map to enhance interpretability by highlighting salient features. Our
approach significantly improves the accuracy in classifying schizophrenia, as demonstrated by the evaluation
of multi-modal brain imaging datasets from four cohorts of schizophrenia studies. Furthermore, the model
identifies functional networks and anatomical regions aligned with established biomarkers. CAMF provides
an accurate and interpretable framework for multimodal brain imaging analysis, offering new insights into

schizophrenia-related alterations.

1. Introduction

Medical imaging powered by machine learning has been widely
employed for the identification of mental disorders such as schizophre-
nia (Oh et al., 2020, Meng et al.,, 2023), autism (Katuwal et al.,
2015), and Alzheimer’s disease (AD) (Tomassini et al., 2021, Gao
et al, 2023). Among imaging modalities, functional magnetic res-
onance imaging (fMRI) and structural magnetic resonance imaging
(sMRI) have emerged as popular imaging modalities for mental dis-
order analysis. fMRI offers insights into the functional organization of
the brain by quantifying changes in the blood-oxygen-level-dependent
(BOLD) signal of the human brain. The functional connectivity (FC)
derived from fMRI depicts the correlation between brain regions of
interest (ROIs) and has proven effective in tasks such as age prediction
(Li et al., 2018) and disease identification (Zhang et al., 2017), and
even serves as a “brain fingerprint” reflecting individual cognitive and
behavioral traits (Wang et al.,, 2021; Finn et al., 2015, Yan et al.,
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2024). sMRI, on the other hand, provides anatomical features such
as cortical thickness and surface area, which have been linked to
neurodevelopmental and disease phenotypes.

The analysis on fMRI and sMRI is promising to bridge the gab
between clinical findings and the development of theories for the
underlying mechanism of human brain, as demonstrated by prior re-
search (Chen et al., 2024). For example, a study (Liu et al., 2025)
analyzed the fMRI and sMRI scans of adolescent subjects and evaluated
the associations between proportion of prosocial/delinquent friends
and the structural and functional architecture of the brain, cogni-
tion, as well as behavioral and emotional dysregulation. Similarly,
the same adolescent cohort was used to discover subtypes of anxiety-
impulsivity in preadolescent internalizing disorders (Fan et al., 2023).
Another study (Wu et al., 2025) mapped the developmental trajectory
of structural brain asymmetry and discovered how the developing brain
asymmetry shapes cognitive and psychiatric outcomes in adolescence.
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Z. Zhou et al.

While integrating or fusing fMRI and sMRI may enable a more
comprehensive view of brain pathology by leveraging both functional
and structural markers (Calhoun and Sui, 2016), the efficient inte-
gration of sMRI and fMRI remains challenging, largely due to the
heterogeneity of these two modalities. Various methods have been
proposed to integrate heterogeneous data from multiple modalities.
Multi-set canonical correlation analysis (MCCA) (Sui et al., 2013) was
introduced for the fusion of multi-modality brain image data including
fMRI and sMRI. Mousavian et al. (2021) concatenated the structural
and functional similarity matrices extracted from sMRI and fMRI to
enhance the multi-modal classification of major depressive disorder.
Hojjati et al. (2019) also integrated the fMRI and gray matter and
white matter features extracted from sMRI for Alzheimer’s disease
identification via concatenation (Hojjati et al., 2019). However, these
integration methods fail to fully utilize the potential synergy between
these modalities by using simple concatenation, being unable to explore
the interaction between multiple modalities.

Multi-modal deep learning models have therefore emerged as ef-
fective solutions for integrating diverse brain imaging modalities. For
example, Zu et al. (2016) introduced a label-aligned regularization
term in a multi-kernel learning framework to utilize the relationships
between multiple modalities for the selection of important feature
subsets resulting in improved AD classification. Another method (Yang
et al., 2023) utilized graph-based networks to fuse the structural and
functional connectivity extracted from DTI and fMRI, achieving promis-
ing performance. Other work (Khalilullah et al., 2023) proposed the
parallel multilink joint ICA method to integrate intrinsic connectivity
networks (ICNs) extracted from fMRI and gray matter features. Liu’s
team (Liu et al., 2022) integrated brain functional and structural graphs
constructed from fMRI and sMRI respectively and improved the iden-
tification of neuropsychiatric disorders. Although these methods can
explore the interaction between modalities, they rely on high-level
features such as functional and structural connectivity extracted from
MRI, where the interpretability of nonlinear data integration still needs
investigation.

The transformer model (Vaswani et al., 2017) has explored the at-
tention mechanism to extract interactions for sequence data. This mech-
anism shows great potential of data integration for our task in terms of
fusing latent features from fMRI and sMRI, as it can discover interre-
lations in heterogeneous data across modalities (Qu et al., 2023). To
enhance interpretability and capture structural-functional complemen-
tarity, we propose a two-level data fusion framework, Cross-Attentive
Multi-modal Fusion (CAMF), incorporating the attention mechanism
for schizophrenia identification. At the first level, we use self-attention
(SA) modules to extract interactions within each modality and cross-
attention (CA) modules to explore interactions between fMRI and sMRI
(Zhu et al., 2022). At the second level, we integrate embeddings from
these four attention pathways, dynamically updating pathway weights
throughout the model training process to achieve optimal integration.

To facilitate model interpretability, we design a gradient-based
Score-CAM to maximize the capability of both gradient-based and
perturbation-based interpretation methods. The gradient-based inter-
pretation is only applicable to end-to-end models and requires the
calculation of gradients. It assesses input influence through network
backpropagation. Conversely, perturbation-based methods are general
to any model. Such methods alter inputs to observe output variations,
which interprets the result at the feature level. However, the sensi-
tivity depends on the evaluation metrics. Score-CAM (Wang et al.,
2020) interprets the model by generating the class activation mapping
with a combination of perturbation-based scores and feature maps,
targeting both sensitivity and generalizability. In our study, we further
advance the Score-CAM with gradient guidance to generate more pre-
cise saliency maps based on both fMRI and sMRI. To be specific, we
combine gradient and score-CAM saliency maps to benefit from both
gradient-based and perturbation-based methods. The disease-related
brain regions identified by both modalities corroborate findings from
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previous studies, further validating the reliability and interpretability
of our model.

The rest of the paper is organized as follows: Section 2 gives
an overview of the proposed framework. Section 3 contains exper-
iments on various datasets, comparing its performance and inter-
pretability with other multi-modal fusion methods. Section 4 examines
schizophrenia-related brain functional networks and structural regions
identified by our framework, while also discussing its limitations and
outlining potential avenues for future scope. Section 5 summarizes our
main contributions and findings.

2. Methodology
2.1. Preliminary

Each subject has both fMRI and sMRI data. For fMRI modality,
we use the functional connectivity (FC) matrix as input, denoted as
X/ € R2#2% where i is the index of the sample, and 264 is the number
of region of interest (ROI) based on power parcellation scheme (Power
et al., 2011). For the sMRI modality, we directly used the 3D voxel-
level data as the input, denoted as X3 € RI2X143121 with the specific
dimensions in our data described in Section 3.1.1. Thus, the data used
in our classification are D,, = {Xl.f . X7, Y,-}fi , Where N is the sample
size. For this binary classification task, the output Y; is a one-hot vector,
with an entry for healthy controls (HC) and schizophrenia subjects (SZ),
respectively.

2.2. Cross-attentive multi-modal fusion

2.2.1. Framework overview

The overall architecture of our proposed framework is shown in
Fig. 1. Specifically, a subject-specific 2D FC derived from fMRI is used
as the input to a 2D convolution neural network (CNN), where each
entry of FC represents the connection between a pair of ROIs. For sMRI,
voxel-level structural MRI data are used as the input to a 3D CNN.

Our proposed framework employed CNNs as feature extractors since
they are ideally suited for handling high-dimensional 2D/3D data such
as fMRI FC matrices and the volumetric data from sMRI. The FC derived
from fMRI is a symmetric 2D matrix, where the order of rows and
columns reflects the spatial relationship between ROIs. A global pooling
layer is applied to compress the feature map of each channel and
generate vectorized latent features, which are denoted as:

f; = GP(CNN,p(X/)), ¢h)

where f; € RY1 with the hyperparameter d; = 256 being the number of
channels of the last convolutional layer; and GP(-) represents the global
pooling layer. For the sMRI modality, we utilize voxel-level images
that contain anatomically-related information. A 3D CNN is used as the
backbone and complemented by a global pooling layer, producing the
following features:

f, = GP(CNN;p(X*)), 2

where f, € R, In this paper, we use global max pooling after the last
convolutional layer to compress the feature maps of each channel.

2.2.2. Intra- and inter-modality interaction

To capture both intra-modal and inter-modal interactions, we utilize
two fusion mechanisms, each integrating four pathways of attention
modules. This strategy allows us to incorporate the interactions be-
tween two modalities while uncovering more intricate interactions
among ROIs with improved interpretability.

The two self-attention (SA) modules focus on exploring interactions
among subjects within individual modalities, i.e., revealing intra-modal
relationships among subjects. Conversely, the cross-attention (CA) mod-
ules are tailored to explore the interactions between the two different
modalities, thereby addressing the inter-modal interactions.
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Fig. 1. An overview of the proposed framework. The backbones consist of two CNN modules to extract features from the fMRI and sMRI data. Then two
self-attention (SA) modules and two cross-attention (CA) modules fuse the features at the first level. The latent features are then combined by the optimal weights

and input to a classifier.

In each SA module, Query q; = f,W,, Key k; = f;W,, and Value
v; = f;W,, are generated from the same latent feature f;,i € {1,2},
where W, , W, ,W, € R‘1*% are learnable parameters and g;, k;,v; €
R"™4, In our experiments, we set the hyperparameter d, = 256. Then
the output modality-specific feature is

‘lik;r

fSA, = softmax( ;. 3

dy

For the cross-modal fusion scenario, we learn the interaction fea-
tures between both modalities in the following way:

kT

fCAl = softmax(ql 2 Wy, (C))
2
k|

Sca, = softmax( 2 ;. 5)

2

In the second CA module, we reverse the order of modalities to
address the issue of asymmetry, enabling a more effective exploration
of the interaction between the two modalities.

To fuse the four outputs generated from the previous interaction
module, we investigate an adaptive fusion strategy that automatically
identifies the contribution of each pathway. The output features from
the four attention modules fga . fsa,. fca,> fca, € R? are subsequently
fused by weighted sum

fo=a1fsa, +@fsa, + a3fca, +aifca, (6)

where «,_, are learnable parameters that sum to be 1, achieved through
the softmax(-) operation. This fusion process enables the model to learn
an optimal combination of the four attention pathways. The fused
feature f, is then input to the classifier.

Given the fused feature f,, a final prediction vector with two
entries is calculated using a multilayer perceptron (MLP) classifier C(-).
Then we deploy the cross-entropy loss Eq. (7) to guide model training
with ground-truth supervision Y.

¢ ., = CrossEntropy(C(f o). Y). @)

We employed the Adam optimizer with a weight decay rate of le-
4 to optimize the model parameters. We adopted the initialization
proposed by Kaiming described in He et al. (2015) to initialize the
model parameters.

Table 1

Statistics of the datasets.
Dataset Sz HC Males Females
COBRE 57 81 109 29
FBIRN 127 152 208 71
MPRC 80 123 122 81
BSNIP 199 243 239 203
Total 463 599 678 314

3. Experiments
3.1. Dataset

3.1.1. Combined dataset

The evaluation was first assessed using the samples combined from
three datasets: Centers of Biomedical Research Excellence (COBRE)
(Aine et al.,, 2017), The Function Biomedical Informatics Research
Network (FBIRN) (Keator et al., 2016) and Maryland Psychiatric Re-
search Center (MPRC) (Adhikari et al., 2019). Together, these datasets
comprise 356 HC samples and 264 SZ samples. Table 1 lists the detailed
sample size of each subset.

3.1.2. Bipolar and Schizophrenia network for intermediate phenotypes
(BSNIP)

We conducted independent testing on datasets with different
sources and sampling protocols for the generalizability of the frame-
work. Herein, we used the Bipolar and Schizophrenia Network for
Intermediate Phenotypes (BSNIP) dataset (Tamminga et al., 2014) to
validate the performance. Our BSNIP dataset includes 243 HC samples
and 199 SZ samples.

3.1.3. Data preprocessing

We followed the same standard pipeline for MRI data pre-processing
as described in Rahaman et al. (2023). Specifically, the sMRI scans
were preprocessed using the statistical parametric mapping (SPM12)
toolbox.! The unified segmentation and normalization were applied
to the sMRI scans for gray matter, white matter, and cerebrospinal
fluid (CSF), and a spatial normalization algorithm was used to generate
modulated gray matter volume (GMV) maps and unmodulated gray
matter density (GMD) maps. Then the GMV and GMD were smoothed

1 https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
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Fig. 2. Age distribution across datasets: (a) For the combined dataset from
COBRE, FBIRN, and MPRC; (b) For the BSNIP dataset.

using a Gaussian kernel with a full width at half maximum (FWHM) =
6 mm.

The fMRI data were preprocessed using the SPM toolbox within
MATLAB 2020b. The first five scans were removed for the signal
equilibrium and participants’ adaptation to the scanner’s noise. We
performed rigid body motion correction using the toolbox in SPM to
correct subject head motion, followed by the slice-timing correction
to account for timing differences in slice acquisition. The fMRI data
were subsequently normalized into the standard Montreal Neurological
Institute (MNI) space using an echo-planar imaging (EPI) template and
were resampled to 3 x 3 x 3 mm> isotropic voxels. The resampled fMRI
images were further smoothed using a Gaussian kernel with a FWHM
= 6 mm. We then applied the Power atlas (Power et al., 2011) at
the voxel-level image, producing time-series data across 264 regions
of interest (ROIs). Then we derived the functional connectivity (FC)
matrix via Pearson correlation between the 264 ROIs.

We further investigated the potential impact of confounders such
as gender, age, and head motion. Despite gender disparities in our
datasets, evidence (Miller et al., 2011) exists to consistently show that
the risk of developing schizophrenia is not significantly influenced by
an individual’s gender, underscoring that gender plays a negligible role
in this risk factor. Fig. 2 is the age distribution of HCs and SZs in
each dataset, indicating an unbiased age distribution relative to disease
classification. In alignment with our previous research (Qu et al.,
2021b), we tested the hypothesis that there is no relationship (p < 0.05)
between the disease groups and the mean framewise displacement (FD)
(Power et al., 2012) using the matrix of Pearson correlation coefficients.

3.2. Comparison experiment

3.2.1. Cross validation

In this study, we adopted 5-fold cross-validation to evaluate the
model performance. The patient index codes were shuffled and divided
evenly into 5 folds, and one fold was left out as the test set. For the
remaining 4 folds, we selected 1/8 to be the validation set and the
larger portion to be the training set. The averaged results of 5 folds
are presented for all experiments.

Neuroimage: Reports 6 (2026) 100338

3.2.2. Evaluation metrics
An potential concern with the combined dataset was the imbalance
in disease class. To address this concern, we employed additional eval-
uation metrics, such as F1 score and Matthew’s correlation coefficient
(MCC), alongside the standard measure of classification accuracy.
The F1 score is calculated as:
F, = 2% TP ,
2 % TP + FP + FN
where the minimum value is 0 and the maximum value is +1.
The MCC is defined as

MCC = TP % TN — FP % FN ©)

/(TP + FP) « (TP + FN) # (IN + FP) # (IN + FN)

where the minimum value is —1 and the maximum value is +1. MCC
is recommended by the National Institutes of Health (NIH) (Chicco
and Jurman, 2020) to be a reliable statistic because it produces a
high score when the prediction obtained good results in all of the four
confusion matrix categories (true positives: TP, false negatives: FN, true
negatives: TN, and false positives: FP). In addition, we also report the
class-weighted cross entropy loss, AUCROC, and the average precision
score (Ave PRC) for the ablation studies.

(8

3.2.3. Baselines

We compared the combination of different feature extractors, fusion
methods, and classifiers, which demonstrated the superiority of our
proposed model.

For feature extractors, we compared principal component analysis
(PCA) and CNNs. For PCA, we vectorize the inputs for both modalities,
and apply PCA to reduce the dimension to d = 256, matching our
framework’s latent feature size.

Regarding fusion methods, we explored element-wise sum opera-
tion, concatenation, and our proposed CAMF; for classifiers, we adopted
conventional models such as Support Vector Machine (SVM) (Cortes
and Vapnik, 1995), linear SVM with stochastic gradient descent learn-
ing (SGDClassifier) (Amari, 1993), and MLP.

For a fair comparison of classification performance between our
proposed framework and other multi-modal fusion methods, we use
the same CNN backbones and the MLP classifier as in our proposed
architecture. Such comparison avoids the bias caused by differences in
backbones and the final classifier.

3.2.4. Data-leakage safeguards

To ensure the consistency of principal components between the
training and test sets and prevent data leakage issues, the principal
components were learned solely from the training set and then applied
to the test set. All atlas-wise operations and scaling were performed at
the single sample level, ensuring that no population-level information
was leaked to the test set.

3.2.5. Results and discussion
The detailed experimental parameters and results are shown in
Table 2. Specifically, we have the following conclusions:

» Comparing CAMF with linear classifiers: Comparing Exp 1,
2, and 6, we can see that our proposed framework significantly
outperforms all three baseline linear methods according to all
evaluation metrics, especially for MCC. This shows the advantage
of deep neural networks over linear models.

Comparing MLP with linear classifiers: The comparison be-
tween Exp 1-3 shows that MLP does not work well with PCA as
the backbone to extract latent features. A reason is that feature
selection via PCA and classification with MLP are conducted as
distinct, separate processes.

Comparing CNNs with PCA: The comparison between Exp 3
and 4 shows that PCA’s effectiveness is compromised by the
imbalanced distribution of samples across two classes and PCA
cannot capture the essential patterns in the data compared to
CNNs as backbones.
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Table 2
Binary classification result.
Dataset Exp ID Feature extractor Fusion method Classifier F1-Score Acc MCC-Score
1 PCA Element-wise Sum SVM 0.6355 +0.0377 0.7048 +0.0333 0.3968 + 0.0630
COBRE 2 PCA Element-wise Sum SGDClassifier 0.6336 + 0.0453 0.7065 + 0.0309 0.3979 £ 0.0611
+FBIRN 3 PCA Element-wise Sum MLP 0.4529 +0.2279 0.4952 +0.0613 0.0450 +0.1228
+MPRC 4 CNNs Element-wise Sum MLP 0.6684 + 0.0530 0.7306 + 0.0352 0.4480 + 0.0663
5 CNNs Concatenation MLP 0.6506 + 0.0539 0.7129 +0.0273 0.4298 +0.0367
6 CNNs CAMF MLP 0.6819 +0.0552 0.7339 + 0.0552 0.4840 + 0.0876
7 CNNs Element-wise Sum MLP 0.6247 + 0.0366 0.6382 + 0.0084 0.2831 £0.0173
BSNIP 8 CNNs Concatenation MLP 0.6183 +0.0555 0.6202 + 0.0429 0.2416 +0.0848
9 CNNs CAMF MLP 0.6656 + 0.0624 0.6854 +0.0362 0.3765 + 0.0663

+ Comparing CAMF with simple data fusion methods: The re-
sults of Exp 4-6 indicate that the fusion of latent features from
multiple modalities may lower the performance if not paired with
an appropriate data fusion. Simple concatenation and element-
wise sum cannot optimally combine the information from both
modalities. The superior performance of CAMF, compared to
other fusion methods, demonstrates its ability to extract and
merge both inter-modal and intra-modal interactions, resulting
in significant improvement. The independent experiments on
the BSNIP dataset (Exp 7-9) further corroborate these findings,
thereby reinforcing the validity of our conclusions.

3.3. Ablation study

To evaluate the impact of each component in our proposed frame-
work, we conducted an ablation study. Specifically, we assessed the
importance of each component by observing the changes in perfor-
mance resulting from its removal. Here we use the CNN as feature
extractors for all scenarios and examine the impact of the two-level
data fusion (attention modules and adaptive weights). The results of all
scenarios are shown in Table 3, leading to the following conclusions:

» Uni-modal input for fMRI (Exp 1, 10) and sMRI (Exp 2,
11): The proposed CAMF framework significantly exceeds the
uni-modal methods with respect to all evaluation metrics. This
indicates that CAMF can effectively combine the complemen-
tary information of multiple modalities to improve classification
performance.

Simple fusion methods without attention modules (Exp 3-5,
12-14): Similar to the baselines, the better performance of CAMF
displays the advantage of the two-level cross-attentive fusion
method proposed in our CAMF framework. Compared to only
using the adaptive weights (Exp 5, 14) for the fusion, the results
of CAMF underscore the enhanced predictive capability brought
by the SA and CA modules.

Removing cross-attention or self-attention modules (Exp 5-7,
14-16): The experimental results show that the cross-attention
module (Exp 7, 16) can significantly improve the performance
compared to not using it (Exp 5, 14). This indicates that the
CA modules could well exploit the interaction between modal-
ities, thereby leading to better classification results. Although
employing only the SA modules (Exp 6, 15) cannot independently
improve the performance, their combination with the CA modules
proves to be beneficial. This proves that both CA and SA are
indispensable components of the proposed method.

Removing adaptive weights (Exp 8, 17): Finally, we compare
the fusion method with adaptive weights with simple concate-
nation (Exp 8, 17). This shows that the fusion with optimal
weight can effectively incorporate the information from inter- and
within-modality interactions.

We further performed Leave-One-Site-Out (LOSO-CV) to explore the
variations between sites. The results in the supplementary materials
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Fig. 3. Average saliency map from the FC modality, where the rows and
columns in the FC matrix are grouped by different functional brain networks,
which are highlighted in various colored boxes. We observe a high correlation
with each box.

show that CAMF captures robust features across different sites and
achieves the best performance while combining multiple datasets.

The ablation study showed the importance of each modality and
underscored the contributions of each component within the proposed
framework. However, it cannot give the interpretation of the model be-
haviors at the region level or even pixel/voxel level, which is more com-
prehensible. Thus, we further utilized the Score-CAM method (Wang
et al.,, 2020) to generate high-resolution saliency maps that help im-
prove the understanding of the model and identify biomarkers associ-
ated with schizophrenia.

3.4. Interpretation

When predicting schizophrenia identification, the regions high-
lighted by gradient-guided Score-CAM can be interpreted as the key
disease-related brain functional networks (BFN) and brain structural
regions (BSR).

Using the Score-CAM method at the last convolutional layer of each
backbone, we produced two saliency maps for each subject with low
resolutions (6 X 6 for fMRI and 5 X 7 x 5 for sMRI) due to the
pooling layers in the backbones. Then we interpolated the saliency
maps to match with the size of the input data (264 x 264 for fMRI
and 121 x 145 x 121 for sMRI). The high-resolution saliency maps
after interpolation allow biomarker identification from the input data.
In order to identify the disease-related BFNs and BSRs among the whole
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Table 3
The prediction results (mean and std) of the ablation study.
Dataset Exp ID Modality type Fusion method F1-Score Acc MCCG-Score Class-weighted Loss AUCROC Ave PRC
1 Uni-modal (fMRI) - 0.5601 £0.0640  0.6645 +0.0181  0.2989 +0.0627  1.2922 + 0.0405 0.6973 +£0.0215  0.6394 + 0.0585
2 Uni-modal (sMRI) - 0.6392 £0.0518  0.6952 +0.0236  0.3959 +0.0466  4.3698 + 0.8946 0.7525 +£0.0229  0.6978 + 0.0829
3 Multi-modal Element-wise Sum 0.6684 +0.0530  0.7306 +£0.0352  0.4480 +0.0663  3.0423 +0.4182 0.7900 £ 0.0179  0.7527 + 0.0704
COBRE 4 Multi-modal Concatenation 0.6506 +0.0539  0.7129 +£0.0273  0.4298 +0.0367  3.7253 + 1.8587 0.7879 £ 0.0186  0.7358 + 0.0760
+FBIRN 5 Multi-modal Adaptive Weights 0.6133 £0.0545 0.6952 +0.0172  0.3848 +0.0434  2.2433 + 0.2854 0.7713 £0.0156  0.7467 + 0.0469
+MPRC 6 Multi-modal 2 Self-attention 0.6375 £0.0520  0.7145 £ 0.0397  0.4258 +0.0683  1.8324 +0.4163 0.7841 £0.0198  0.7519 + 0.0603
+ Adaptive Weights
7 Multi-modal 2 Cross-attention 0.6592 +0.0683  0.7274 +£0.0351  0.4484 +0.0743  1.2846 + 0.0751 0.8017 £0.0197  0.7778 + 0.0523
+ Adaptive Weights
8 Multi-modal 2 Cross-attention 0.6480 £0.0595 0.7032 £ 0.0369  0.3929 +0.0733  1.9602 + 0.3679 0.7609 £ 0.0475  0.7255 + 0.0885
+ 2 Self-attention
+ Concatenation
9 Multi-modal CAMF 0.6819 +0.0552  0.7339 +0.0552  0.4840 + 0.0876  1.5829 +0.2512 0.8074 £ 0.0410  0.7929 + 0.0660
10 Uni-modal (fMRI) - 0.4647 £0.0386  0.5753 +£0.0149  0.1748 £ 0.0402  1.3784 + 0.0064 0.5804 £0.0090  0.6629 + 0.0096
11 Uni-modal (sMRI) - 0.6002 +£0.0473  0.6360 +0.0231  0.2847 +0.0503  3.5711 +0.2497 0.7054 £0.0208  0.7090 + 0.0134
12 Multi-modal Element-wise Sum 0.6247 +£0.0366  0.6382 +0.0084  0.2831 +0.0173  3.2770 + 0.6303 0.7153 £0.0292  0.7134 +0.0183
13 Multi-modal Concatenation 0.6183 £0.0555 0.6202 +0.0429  0.2416 +0.0848  3.9343 +0.4891 0.6881 £0.0409  0.6939 + 0.0494
BSNIP 14 Multi-modal Adaptive Weights 0.6220 +£0.0594  0.6449 +0.0298  0.2979 +0.0590  2.5878 + 0.2700 0.7010 £0.0204  0.6937 +0.0245
15 Multi-modal 2 Self-attention 0.6252 +£0.0541  0.6382 +0.0321  0.2789 +0.0614  1.7746 + 0.4558 0.7029 +0.0149  0.7090 + 0.0407
+ Adaptive Weights
16 Multi-modal 2 Cross-attention 0.6060 +0.0575  0.6562 +0.0242  0.3288 +0.0410  1.7536 + 0.3818 0.7196 +£0.0184  0.7186 +0.0135
+ Adaptive Weights
17 Multi-modal 2 Cross-attention 0.5928 +0.0746  0.6337 +0.0272  0.2765 +0.0433  1.9642 + 0.4071 0.6773 £0.0368  0.6939 +0.0323
+ 2 Self-attention
+ Concatenation
18 Multi-modal CAMF 0.6656 + 0.0624  0.6854 +0.0362  0.3765 + 0.0663  1.8004 + 0.3329 0.7453 +0.0164  0.7387 + 0.0263

population, for each modality, we generated an average template by
averaging the saliency maps of all subjects. Like the gradient-guided
CAM method (Selvaraju et al., 2017), we also applied element-wise
multiplication of gradients of the predicted class to the saliency maps
to generate the refined regions.

For the fMRI, the input FC is always symmetric since it is derived by
Pearson correlation. However, the saliency map could be asymmetric
due to the padding of kernels in CNNs. Thus we used the average of
FC saliency map template and its transpose to address the asymmetry
issue. The results are shown in Fig. 3.

For the sMRI, we first visualize the voxel-level average saliency
map template from the x-, y- and z-axis in Fig. 4(a)-(c). In order to
locate the disease-related BSRs, we then segment the template using the
automated anatomical labeling (AAL) (Tzourio-Mazoyer et al., 2002)
atlas. The voxels in each anatomical BSR are grouped together and the
BSRs are ranked by their averaged activation scores. The region-level
saliency map template is shown in Fig. 4(d)-(f).

4. Discussion
4.1. Schizophrenia-related brain region identification

The saliency map template from the fMRI data shows the key
disease-related pair-wise functional connectivities. According to Fig. 3,
most highlighted BFNs lie in the auditory, default mode, and visual
networks. The high activation scores indicate the connections within
these regions to schizophrenia, which aligns with the results from
previous research. The auditory network is considered responsible for
receiving and processing sound, which is the basis of comprehension
and analysis of the meaning of utterances (Hackett, 2015). For example,
a review study (Sun et al., 2009) reported a significant difference in
the superior temporal gyrus (in the auditory network) or subregional
volume, including bilateral or unilateral ROI, and that volume reduc-
tion was the common change in patients with schizophrenia. The visual
network is involved with processing visual information, and another
research (Ford et al., 2015) presented evidence that SZs who endorse
having recently experienced visual hallucinations have hyperconnectiv-
ity between the amygdala and visual cortex. The default mode network
is a set of brain regions that become more active when the individual
is in a resting state (Buckner, 2012). A study (Garrity et al., 2007)
concluded that in the default mode network, both temporal frequency
alterations and disruption of local spatial patterns are associated with
schizophrenia.

The saliency map template of sMRI in Fig. 4(a)-(c) shows the
voxel-level intensity in the 3D space that the model utilizes for the
classification. By ranking the BSRs according to their average activation
scores, the top three highlighted BSRs are cingulum, thalamus, and cau-
date. The abnormalities of cingulum bundle, one of the most distinctive
fiber tracts in the brain, have been linked to schizophrenia by several
prior studies (Fitzsimmons et al., 2020; Whitford et al., 2014). The
thalamus is primarily a gray matter structure within the diencephalon,
which plays a key role in linking and relaying information between
brain regions, including the visual system and the primary auditory
cortex. This matches the disease-related BFNs identified by the FC.
Prior research also found the thalamus to be a region associated with
schizophrenia (Pergola et al., 2015). The study in Dorph-Petersen and
Lewis (2017) revealed a correlation between a reduction in volume
and cell numbers in the pulvinar and the most robust evidence for
structural changes of the thalamus in schizophrenia. The caudate nu-
cleus plays a critical role in several higher cognitive functions, such
as memory, language, and emotion. A previous study (Takase et al.,
2004) identified that the caudate is associated with schizophrenia, since
the caudate nucleus of patients has smaller volumes compared to HCs.
Another study (Jiang et al., 2023) characterized two distinct but stable
‘trajectories’ of brain atrophy, separately beginning in the Broca’s area
(subtypel) and the hippocampus (subtype2). Future studies are needed
to decode the correlation between the BSRs identified by CAMF and the
distinct pathophysiological processes underlying schizophrenia, which
is the key to potential applications such as prognosis, personalized
treatment, and monitoring.

We further performed Score-CAM ablation by restricting the input
to a single modality (either fMRI or sMRI) while maintaining the self-
attention and dynamic weight modules. We also performed a sanity
check to validate the feasibility of our interpretation method and the
importance of the highlighted voxels in the saliency maps. The results
are included in the supplementary materials.

4.2. Sex impact on Schizophrenia-related brain structural regions

We further investigate the impact of gender on the voxel-level SMRI
saliency map. We firstly select the SZ patients of the major age range
(20-60 years old). And then generate the averaged saliency map for
the males and females separately, as shown in 5(a)-(b). Additionally,
we also calculate voxel-level difference of the averaged saliency map
between the two gender groups in 5(c). The saliency maps show little
voxel-level difference between males and females. And the averaged
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Fig. 4. Voxel-level and region-level Score-CAM saliency maps from x-, y- and z- axis. In the region-level saliency maps, the intensity is averaged inside each
brain region defined by the automated anatomical labeling (AAL) (Tzourio-Mazoyer et al., 2002) atlas. Subfigures (a)-(c) show the voxel-level average saliency
maps and subfigures (d)-(f) show the region-level average saliency maps. For the subfigure of each axis, we choose the slice along the medial axis to visualize

the highlighted voxels/regions at the center of the brain.
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Fig. 5. Voxel-level Score-CAM saliency maps of 20-60 year old schizophrenia patients from y-axis. (a) shows the voxel-level average saliency maps of male SZ
patients, (b) is for female patients and (c) is the contrast of saliency map between males and females.

saliency maps of both genders align with that of all samples, proving
the stability of our method.

The established relationships between BFNs (auditory, default
mode, and visual networks) identified from fMRI and BSRs (cingulum,
thalamus, and caudate) identified from sMRI validated the reliability
and interpretability of our proposed framework. The similar findings
of previous studies also indicate the potential clinical application of
our data-driven framework.

We also reported the stratified performance results for sex and
age in the supplementary materials to evaluate the impact of con-
founding factors such as age and sex. Our previous paper (Orlichenko
et al., 2024) developed a variational autoencoder-based framework to
mitigate demographic confounds.

4.3. Limitations and future scope
Although our proposed framework successfully improved the classi-

fication performance by fusing multi-modal data effectively, there are
still limitations and thus potential avenues for future research. First, our

framework deployed a 2D CNN as the backbone to extract latent fea-
tures based on the FCs. Employing a graph-based representation for FCs
or using a graph neural network as we did in Qu et al. (2021a,b), Wang
et al. (2021) may better capture structural information, potentially
elevating both performance and interpretability. We plan to integrate
GNN backbones in the future framework. Second, although Score-CAM
can produce saliency maps on CNN backbones, other interpretable
methods can be exploited for potential improvements. Third, while
our proposed framework is tested for the two modalities, it can be
generalized to three or more modalities (e.g., SNPs), which may further
improve the prediction performance. In addition, although it is still an
open problem with model architecture design on the order of SA/CA
modules, combining CA and SA modules sequentially could be an bene-
ficial alternative compared to the parallel setting used in CAMF. Further
experiments are needed to investigate its impact on performance. Last,
the way in constructing FC may affect the model performance. Further
testing of using various parcellation atlases (e.g., Schaefer-400 and
Glasser) and correlation methods (e.g., Fisher-z or partial correlation)
could help validate the robustness of CAMF.
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5. Conclusion

We proposed a novel deep learning framework for fusing heteroge-
neous fMRI and sMRI data, leading to improved classification accuracy
in identifying schizophrenia relative to prior models. Building on trans-
former architectures, we incorporated self-attention and cross-attention
modules to incorporate the intra- and inter-modality relationships to
better represent multi-modal brain imaging data. The experimental
results on multiple cohorts demonstrated the superiority of our method
over conventional multi-modal fusion methods. In addition, Score-CAM
was used to identify critical disease-related functional networks (the
auditory, default mode, and visual networks) and structural regions
(cingulum, thalamus, and caudate). These findings are in concordance
with the results reported in prior studies, validating the framework in
biomarker discovery and disease identification.
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