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Evolutionary neural architecture
search for automated MDD diagnosis
using multimodal MRI imaging

Tongtong Li,1,2,9 NingHou,3,9 Jiandong Yu,1,2 Ziyang Zhao,1,2 Qi Sun,1,2 Miao Chen,1,2 Zhijun Yao,1,2,* SujieMa,4,*

Jiansong Zhou,5,* and Bin Hu1,2,6,7,8,10,*
SUMMARY

Major depressive disorder (MDD) is a prevalent mental disorder with serious impacts on life and health.
Neuroimaging offers valuable diagnostic insights. However, traditional computer-aided diagnosis
methods are limited by reliance on researchers’ experience. To address this, we proposed an evolutionary
neural architecture search (M-ENAS) framework for automatically diagnosing MDD using multi-modal
magnetic resonance imaging (MRI). M-ENAS determines the optimal weight and network architecture
through a two-stage search method. Specifically, we designed a one-shot network architecture search
(NAS) strategy to train supernet weights and a self-defined evolutionary search to optimize the network
structure. Finally, M-ENAS was evaluated on two datasets, demonstrating that M-ENAS outperforms ex-
isting hand-designed methods. Additionally, our findings reveal that brain regions within the somatomo-
tor network play important roles in the diagnosis of MDD, providing additional insight into the biological
mechanisms underlying the disorder.

INTRODUCTION

Major depressive disorder (MDD) is a prevalentmental disorder characterized by persistent feelings of sadness and despair, which can lead to

profound self-doubt and suicidal thoughts or behavior.1 As reported by theWorld Health Organization (WHO), around 350million individuals

worldwide suffer from depression, and more than 1 million deaths by suicide are attributed to MDD each year.2 In recent years, global pan-

demics and escalating societal pressures have resulted in a significant increase in the number of patients with MDD, imposing a substantial

burden on healthcare systems.3,4 However, traditional diagnostic methods for depression rely heavily on clinical interviews and questionnaire

assessments, which are susceptible to subjective biases and demand considerable time from healthcare professionals, thereby exacerbating

the social healthcare burden.5 Therefore, developing an efficient and reliable diagnostic model for the automatic diagnosis of MDD has

become an urgent task.

In recent decades, rapid advancements in neuroimaging technologies have provided evidence for structural and functional changes in the

brain in a non-invasive manner, facilitating the assessment of physiological changes. Structural magnetic resonance imaging (sMRI) and diffu-

sion tensor imaging (DTI) imaging depict macroscopic and microscopic states of the brain structure, respectively.6–8 The resting-state func-

tional magnetic resonance imaging (rs-fMRI) captures the dynamic processes of brain activity by recording the blood-oxygen-level-depen-

dent (BOLD) signals.9 The development of various imaging technologies has provided a more comprehensive understanding of the

structure and function of the brain. This advancement not only stimulates further exploration in neuroscience but also opens additional av-

enues for clinical diagnosis and treatment.10,11

Each neuroimaging modality provides a distinct perspective and interpretation of abnormal changes in the brain. Previous studies12–14

have demonstrated that integrating complementary information from different neuroimaging modalities can improve the performance of

diagnostic models for disease detection. However, the design of the traditional multi-modal deep learning models often relies on the re-

searchers’ experience and insight, which does not guarantee an optimal solution and is time-consuming.
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Table 1. Comparison of different inputs in the M-ENAS

Data modalities Accuracy Precision Recall Specificity F1-score Parameter(M)

sMRI 66.67% 60.00% 81.82% 53.85% 0.6923 2.96

fMRI 62.50% 62.50% 45.46% 76.92% 0.5263 2.96

DTI 66.87% 71.43% 45.46% 84.62% 0.5556 2.96

sMRI+fMRI 66.67% 60.00% 81.82% 53.85% 0.6923 4.47

sMRI+DTI 70.83% 64.29% 81.82% 61.54% 0.7200 4.47

fMRI+DTI 66.67% 61.54% 72.73% 61.54% 0.6667 4.47

sMRI+fMRI+DTI 75.00% 66.67% 90.91% 61.54% 0.7692 5.61
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Network architecture search (NAS) is a method for automatically exploring the optimal network architecture using a search strategy within

a pre-defined search space.15,16 It allows a comprehensive exploration of the network architecture space to find the efficient model suitable

for a specific task. Moreover, the NAS method has been applied to multi-modal tasks. Xiao et al.14 designed an automatic search network

architecture ‘‘DLS-DARTS’’ model to extract and fuse multi-modal information for glioma grading. Liu et al.17 developed a multi-task NAS

model to mine complementary information in multi-modal MRI images for tumor segmentation and identification. Dai et al.18 employed

the AdaNet-based NAS model to extract discriminative features for fMRI signal classification.

Although the aforementioned studies have shown that NAS algorithms hold significant promise for the extraction and integration of multi-

modal features, existingNASmethods for neuroimaging are still in their infancy due to the complexity of the search space19–21 and the scarcity

of data.22,23 Under the circumstances, we proposed an evolutionary neural architecture search (M-ENAS) method for the automatic diagnosis

of MDD. Specifically, theM-ENAS architecture determines the optimal weights and network architecture through a two-stageNAS approach.

We trained the weights of the supernet through a one-shot strategy and designed an evolutionary learning search strategy to explore the

optimal network architecture. For the detection of MDD, multi-modal features were further integrated and identified through a feature

concatenation module and fully connected layers (FC) with a softmax activation function, respectively. Finally, the M-ENAS was evaluated

on two separate datasets, demonstrating that it outperforms existing hand-designed deep learning models. In addition, we investigated

the regions of interest selected by M-ENAS using occlusion analysis and found that the brain regions within the somatomotor network

(SMN) play important roles in the diagnosis of MDD. However, wemust acknowledge that this method still presents practical implementation

challenges in hospital settings due to lower accuracy compared to clinicians and requires high-performance computational resources.

The contributions of the study are as follows.

(1) We developed an evolutionary neural architecture search framework named M-ENAS for the automatic diagnosis of MDD.

(2) We designed a two-stage architecture search strategy to explore the optimal architecture.

(3) We evaluated the performance of the M-ENAS on two datasets, achieving competitive performance compared to hand-designed

deep learning models.

(4) Our findings highlight that brain regions within the SMN play critical roles in MDD diagnosis.
RESULTS
Experimental results

In this section, we comprehensively evaluated the performance of the M-ENAS through comparative experiments. The reported results are

themean values of stratified 5-fold cross-validation. Moreover, we provided the number of parameters of differentmodels to assess the effec-

tiveness of the M-ENAS.

Table 1 reports the comparison of different inputs in the M-ENAS. The optimal performance (accuracy = 75.00%, F1-score = 0.7692) was

achieved when all three modalities were used simultaneously as inputs. The fusion of two modalities improved the model’s performance (ac-

curacyR 66%), indicating that multi-modal information fusion enhances the diagnostic performance by leveraging the complementary infor-

mation between modalities.

In Table 2, we compared M-ENAS with existing hand-designed state-of-the-art methods on two different datasets, including site-specific

dataset and an open-access multi-site dataset, to validate the generalization of theM-ENAS, and achieved competitive performance on both

two datasets.

Table 3 reports the comparison of the different encodings between classical hand-designed deep learningmodels (AlexNet,27 VGGNet,28

ResNet,29 GoogLeNet,30 DenseNet,31 Vision Transformer [VIT],32 Swin-Transformer,33 and Repvit34) and the M-ENAS. Experimental results

showed that the M-ENAS method has better potential by exploring the optimal architectures within a pre-defined search space (see

STAR Methods). To estimate the robustness of the M-ENAS, we further compared it with mainstream NAS models (Darts35 and FB-Net36),

and the results were shown in Table 4. Finally, comparing with different subnet search strategies (random search and coarse-to-fine37), the

effectiveness of the self-designed evolutionary search strategy was demonstrated (see Table 5).

In addition, Figures 1 and 2 present the confusion matrix of M-ENAS and the receiver operating characteristic (ROC) curves for compar-

isons of M-ENAS with different inputs, respectively. The confusion matrices for all algorithms are provided in Figures S4–S7.
2 iScience 27, 111020, October 18, 2024



Table 2. Comparison of the M-ENAS with existing state-of-the-art methods on two different datasets

Dataset Models Accuracy Precision Recall Specificity F1-score

Our dataset Wang et al. 2023.24 72.4% 75.0% 50.0% 88.2% 0.600

Li et al., 2024.5 73.52% 74.98% 66.25% 67.88% 0.7005

M-ENAS (Ours) 75.00% 66.67% 90.91% 61.54% 0.7692

REST-meta-MDD Zhu et al., 2023.25 72.1% 62.5% 79.2% 67.1% 0.699

Dai et al., 2024.26 74.7% – 61.4% 80.5% –

M-ENAS (Ours) 73.68% 69.95% 74.13% 72.88% 0.7198
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A detailed analysis of experimental results is provided in the discussion section.

The searched optimal network architecture

The final optimal network architecture was determined through supernet training using a one-shot strategy and subnet optimization with a

self-designed evolutionary algorithm. As shown in Table 6, the feature extraction backbones for sMRI, DTI, and fMRI branches were obtained

separately, which are detailed in terms of block depth, width, and convolution kernel size. Moreover, we reported the number of features in

each modality to help illustrate the complexity of the model. Experimental results indicate that the representation of higher-order features

requires more complex structures and parameters (see blocks 4–6 in Table 6), which is consistent with previous research studies.38,39 For the

optimal subnets obtained through random search and coarse-to-fine methods, the network structures can be found in Tables S2 and S3.

DISCUSSION
Interpretation of our findings

In this study, we developed anM-ENAS framework for the automatic diagnosis of MDD using multi-modal MRI. Experimental results demon-

strated that the proposed M-ENAS achieved competitive performance through a series of comparative experiments.

As shown in Table 1, with single-modality input, the model using sMRI or DTI as input presented better performance. This may be attrib-

uted to the fact that MDD is considered a structural change that underlies alterations in brain function.40 The performance of DTI was slightly

better than sMRI, suggesting that MDD is more likely to induce micro-structural changes.41 This is essential for the investigation of MDD and

the discovery of biomarkers.42 Moreover, in the dual-modality experiments, combining fMRI and DTI as model inputs yielded superior results

comparedwith othermodal combinations, consistent with the results of the single-modality experiments. Additionally, Table 1 shows that the

introduction of multiple-modality information helps to improve themodel’s performance by leveraging complementary information between

inter- and intra-modality.43 However, it is important to note that multi-modal fusion may also introduce redundant information, which may

limit the improvement in model performance.44

Table 2 demonstrates that the M-ENASmethod exhibits strong competitiveness on both site-specific dataset and a publicly available da-

taset. However, some metrics are slightly lower than those of state-of-the-art methods, which may be attributed to the design of the search

space. Traditional convolutional neural network (CNN)-based modules are limited in their ability to capture long-range dependencies.45

Introducing the non-local blocks, such as transformer modules, will help to capture the long-range dependencies information and improve

the model’s feature extraction capabilities.46

Furthermore, Tables 3 and 4 reveal that the combination of the one-shot supernet construction approach and evolutionary algorithm con-

tributes to exploring the complementary information from multi-modal neuroimaging data. This suggests that both the construction of the

supernet and the optimization of the child network are two crucial stages in NAS.15,47 In particular, we explored the impact of voxel-based
Table 3. Comparison of different encodings between classical deep learning models and M-ENAS using multi-modal inputs

Models Accuracy Precision Recall Specificity F1-score Parameter(M)

AlexNet 68.82% 74.93% 55.26% 80.56% 0.6159 15.64

VGGNet 70.00% 71.05% 66.25% 73.33% 0.6676 138

ResNet 66.76% 68.34% 56.25% 76.11% 0.6119 199.72

GoogLeNet 62.50% 60.00% 54.55% 69.23% 0.5714 148.73

DenseNet 71.18% 74.80% 60.00% 81.11% 0.6557 51.51

VIT 66.67% 50.00% 52.08% 79.62% 0.5784 86.0

Swin-Transformer 69.11% 73.06% 53.75% 82.77% 0.6138 82.71

Repvit 69.56% 57.14% 50.00% 80.00% 0.5333 7.11

M-ENAS (Ours) 75.00% 66.67% 90.91% 61.54% 0.7692 5.61
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Table 4. Comparison of classical NAS models with M-ENAS

Models Accuracy Precision Recall Specificity F1-score Times (s/epoch) Parameter(M)

3D Darts 62.50% 60.00% 54.55% 69.23% 0.5714 745.57 8.56

3D FB-Net V1 66.67% 60.00% 81.82% 53.85% 0.6923 97.20 5.77

M-ENAS (Ours) 75.00% 66.67% 90.91% 61.54% 0.7692 694.14 5.61
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fMRI features like amplitude of low-frequency fluctuations (ALFF) and regional homogeneity (ReHo) on classification performance (see

Table S4 in the supplemental information). We found that three different resolutions of fMRI features exhibited similar performance in sin-

gle-input experiments. On the other hand, the feature of functional connectivity matrix (FCM) still exhibited superior classification perfor-

mance in multimodal fusion analysis, suggesting that region-level features provide more valuable information for the diagnosis of MDD.

In addition, Tables 5 and 6 show that the optimal subnet architecture was obtained using a customized evolutionary algorithm. Compared

to models architectures obtained from random search and coarse-to-fine search strategies (see Tables S2 and S3 in the supplemental infor-

mation), the self-designed evolutionary algorithm identified more complex and efficient feature encoding structures, including a number of

convolutional kernels and channels. Notably, the model’s inference time and resource consumption increase with the number of convolu-

tional layers and parameters. In practice, this cost is acceptable as it also enhances themodel’s feature extraction capabilities and robustness.

In brief, M-ENAS is a promising approach for multi-modal neuroimaging feature extraction, fusion, and classification. This study has de-

signed an evolutionary NAS algorithm for MDD diagnosis, providing evidence for the application of NAS in MDD diagnosis.

Occlusion analysis

In this section, we explored the regions of interest selected by M-ENAS in MDD diagnosis using occlusion analysis. Specifically, we investi-

gated the impact on performance when different brain regions were occluded separately using the anatomical automatic labeling (AAL)

atlas.48 Furthermore, we showed the contribution of different subnetworks inMDDdiagnosis with reference to the Thomas yeo seven-network

cortical parcellation,49 as shown in Figure 3.

Our findings indicated that brain regions within the SMN play important roles in the diagnosis of MDD. The SMN is a complex neural con-

trol system that plays a crucial role in the continuous sensory process of environmental stimuli and proprioceptive information.50 Previous

studies have indicated that abnormalities in the SMN are a common transdiagnostic feature in the diagnosis of psychiatric disorders.51,52

A significant reduction in intra-network connectivity within the SMN in MDD patients is associated with the severity of depression and the

frequency of depressive episodes.53,54 GorwoodP et al. indicated that psychomotor disturbances progressively worsenwith the accumulation

of depressive episodes.55 Additionally, dysfunction in SMN regionsmay be associatedwith physical symptoms of recurrentMDD, such as pain

and fatigue.56 In summary, abnormalities in the SMN systemmay be the underlying cause of non-emotional symptoms, and our findings pro-

vide additional evidence to support this hypothesis.

Limitations of the study

Although the proposed model has achieved promising performance, it still faces several limitations and challenges. First, despite the prom-

ising performance achieved by the M-ENAS, it is important to acknowledge that it currently falls short of what is considered suitable for real

clinical applications. Second, M-ENAS requires high-performance computational resources, making practical implementation challenging in

hospital settings. Third, achieving an ideal balance between the design of the search space and search strategy is often challenging, poten-

tially resulting in low search efficiency or failure to find the global optimal solution. Fourth, small-scale data are insufficient to ensure the pre-

dictive performance of the model, as the training of supernet relies on a large amount of data. Fifth, NAS methods currently lack sufficient

interpretability, making it difficult to extract valuable design principles from search results. Finally, although the stratified cross-validation

strategy ensures balance between classes, it does not take into account other participant characteristics. As a result, the unavailability of

certain clinical information may limit the generalizability of our findings.

RESOURCE AVAILABILITY

Lead contact

Further information and requests can be directed to the lead contact, Bin Hu (bh@lzu.edu.cn).
Table 5. Comparison of different subnet search strategies

Search strategies Accuracy Precision Recall Specificity F1-score Parameter(M)

Random Search 70.83% 62.50% 90.91% 53.85% 0.7407 3.44

Coarse-to-fine 66.67% 61.54% 72.73% 61.44% 0.6667 3.06

Evolutionary (Ours) 75.00% 66.67% 90.91% 61.54% 0.7692 5.61
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Figure 1. The ROC curves of the comparison of different inputs in the M-ENAS
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Materials availability

This study did not generate new physical materials.

Data and code availability

� The imaging datasets used in this study are publicly available and listed in the key resources table.
� The original code and pre-trained models have been deposited in the code repository (https://github.com/TTLi1996/M-ENAS).
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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Table 6. The searched optimal network architecture using a self-designed evolutionary algorithm

Name SE Att

sMRI branch DTI branch fMRI branch

Depths Channels

Kernel

Sizes

Number

of

feature Depths Channels

Kernel

sizes

Number

of

feature Depths Channels

Kernel

sizes

Number

of

feature

First_Conv – 1 32 3 45359104 1 40 3 45660160 1 32 3 107648

Bolck 1 U 1 16 3 22679552 2 24, 16 3, 3 18264064 2 24, 16 3, 3 53824

Bolck 2 U 2 32, 32 3, 3 11339776 2 32, 24 3, 3 6849024 3 32, 32, 32 3, 3, 3 26912

Bolck 3 U 2 48, 48 3, 3 4252416 3 40, 40, 40 3, 5, 3 2853760 2 48, 40 3, 5 9000

Bolck 4 U 2 80, 88 5, 3 1949024 3 88, 88, 80 5, 5, 3 1426880 2 88, 88 3, 5 5632

Bolck 5 U 2 128, 128 3, 5 2834944 4 112, 120,

120, 120

3, 5, 3, 3 2140320 4 112, 112,

112, 112

5, 5, 3, 5 7168

Bolck 6 U 2 200, 216 5, 3 1195992 2 208, 192 5, 3 856128 3 200, 192,

192

3, 3, 5 3072

Bolck 7 U 2 352, 352 3, 3 1949024 1 320 3 1426880 2 320, 352 5, 5 5632

Last_Conv – 1 1280 1 7087360 1 1280 1 5707520 1 1280 1 20480
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Figure 3. Investigating the contribution of different brain regions through occlusion analysis

(A) The impacts on performance when different brain regions are occluded using the AAL atlas.

(B) Yeo seven-network parcellation (black arrows indicate the SMN regions).
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Multimodal MRIs This paper https://github.com/TTLi1996/M-ENAS

REST-meta-MDD Yan et al.57 https://rfmri.org/REST-meta-MDD

Software and algorithms

Python 3.8 Python Software Foundation https://www.python.org/

Pytorch 1.13.0 PyTorch Foundation https://pytorch.org/

Pycharm JetBrains https://www.jetbrains.com/pycharm/

M-ENAS This paper https://github.com/TTLi1996/M-ENAS
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

We collected three modalities of neuroimaging data, including sMRI, fMRI, and DTI, from 128 participants at Gansu Provincial Hospital,

including 62 patients with MDD and 66 age- and sex-matched healthy controls (HCs). All MDD patients and HCs underwent a clinical diag-

nosis using the Structured Clinical Interview for DSM-IV Axis I Disorders (SCID) and non-patient edition, respectively. Furthermore, we

included 116 participants in this study, consisting of 54 MDD patients and 62 HCs after data preprocessing (see method details). Notably,

all participants signed informed consent forms, indicating their understanding of this study. This work was supported by the Ethics Committee

of Gansu Provincial Hospital (Approval No. 2017-071).

Among thisMDDpatients, 11 patients (20.3%) were free of antidepressants or other psychotropicmedications for at least 4 weeks (8 weeks

for fluoxetine) prior to MRI scanning,58 9 patients (16.7%) were treated with monotherapy (using one of sertraline, lexapro, venlafaxine, or

fluoxetine), and 32 patients (59.3%) received combination therapy (using two or more of the following: paroxetine, citalopram, fluvoxamine,

fluoxetine, amitriptyline, venlafaxine, or trazodone).

In addition, to validate the generalizability of the M-ENAS, we expanded the validation of our model by incorporating an open-access

dataset: REST-meta-MDD (https://rfmri.org/REST-meta-MDD),57 which is currently the largest public MDD dataset. Of note, we selected

non-replicated subjects with fMRI scan times R170-time points from this database14 and used the corresponding gray matter volume

(GMV) and FCM as inputs. In total, 1179 MDD and 1008 HCs from 20 different cohorts were included in the analysis. The table below outlines

the demographic characteristics of the participants.
Demographic characteristics of the participants

Our dataset REST-meta-MDD

HCs MDD HCs MDD

Number 62 54 1,008 1,179

Male/female 27/35 30/24 426/582 425/754

Age (Gyears) 33.5 G 12.17 33.0 G 11.62 36.9 G 15.9 36.8 G 14.8

HAMD (17-item) – 17.62 G 5.95 – –

HAMA – 17.19 G 7.58 – –

HCs, healthy controls; MDD, major depressive disorder; HAMD, Hamilton depression rating scale; HAMA, Hamilton anxiety scale.
METHOD DETAILS

Data acquisition and preprocessing

All participants underwent sMRI, rs-fMRI and DTI scans using a 3.0T MRI scanner (Siemens). Participants were instructed to keep their eyes

closed and avoid sleeping or thinking during the scanning process. The parameter settings and cautions during image scanning are provided

in ref. 5.

Structural Magnetic Resonance Imaging preprocessing

We employed a voxel-based morphometry analysis method to extract GMV as a feature of sMRI using CAT12 (https://neuro-jena.github.io/

cat), retaining the default parameter settings in the preprocessing. The standard preprocessing pipeline has been previously described.59
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fMRI preprocessing

Rs-fMRI images were preprocessed using the DPARSF toolbox (http://www.restfmri.net). The standard preprocessing process was reported

in referent.60 Of note, after extracting BOLD signals from 116 brain regions using AAL atlas, the static FCM was calculated according to

Equation 1.

Corr
�
ri; rj

�
=

cov
�
ri; rj

�

srisrj
(Equation 1)

where ri and rj are BOLD signals of different brain regions, the cov($) is the covariance between ri and rj, while sri and srj denote the standard

deviation of ri and rj, respectively.

Diffusion Tensor Imaging preprocessing

We preprocessed DTI data using the PANDA toolbox (http://www.nitrc.org/projects/panda). The fractional anisotropy mapping (FAM) was

extracted and used as a feature of the DTI images, where the preprocessing pipelines have been previously described.61

Furthermore, the exclusion criteria were as follows: (a) data with missing modalities and excessive disturbance (head movement rotation

>2�), (b) the presence of psychiatric disorders other than depression, (c) the presence of comorbidities, (d) participants with a history of illicit

drug abuse (such as heroin). In total, we included 116 participants in this study, consisting of 62 HCs and 54 MDD patients with a HAMD

scores >7.
M-ENAS

As shown in Figure S1 (in the supplemental information), theM-ENAS architecture consists of 2 main components, including data preprocess-

ing and M-ENAS model construction. Details are as follows.

Data preprocessing

This component focuses on data preparation. The sMRI, DTI, and fMRI were preprocessed to calculate GMV, FAM, and FCM, respectively.

These data were then fed in parallel as inputs to the M-ENAS model.

M-ENAS framework

This component aims to construct a NAS model for the diagnosis of MDD. Firstly, the set of child network structures used for architectural

search was generated by customizing the search space. Then, the weights of the supernet were trained using a One-shot training strategy.

Finally, the optimal network was determined as the target network using a self-designed evolutionary search strategy.

In summary, the M-ENAS architecture obtains the optimal weights and the child network architecture through a two-stage architecture

search approach. A high-quality network architecture is important for adapting to the data due to the distinct initialization of small and

big child models. We employ a One-shot training technique to train the supernet weights, and then search for the optimal child model using

a self-designed evolutionary algorithm. Details are illustrated in Figure S2.
One-shot strategy with supernet training

The training stage focuses on training a robust supernet, as shown in Figure S2 (a). A high-quality supernet plays a crucial role in generating or

controlling the parameters of a child model. In this stage, the Sandwich Rule and Inplace Distillation strategy were adopted for supernet

weight training, alleviating the problem of high computational overhead of traditional supernet training.

Sandwich Rule: The sandwich rule samples the biggest model, the smallest model, and N (=2) child models in each training step. The

weights of the supernet were updated by aggregating and back-propagating gradients from the child models. Specifically, the biggest child

model represents the model with the highest parameter settings, including model depth, width, convolution kernel size, etc. By sampling

different childmodels, this strategy improves both the lower and upper bounds of themodel, leading to an overall performance improvement

in the supernet’s performance.

Inplace distillation

The inplace distillation takes the predicted results of the biggest childmodel as soft labels to supervise other childmodels. Specifically, during

the same training batch, the soft labels were supervised using ground truth to calculate cross-entropy loss (i.e., Loss 1, see Figure S2A; Equa-

tion 2). Simultaneously, all other child models were supervised using these soft labels to calculate distillation loss (i.e., Loss2 and Loss3, see

Figure S2A; Equations 3 and 4). Furthermore, the loss of the M-ENAS model is a comprehensive loss, as shown in Equation 5. Of note, pre-

dictions from the largest child model can be used in the gradient update process to ‘‘teach’’ all other child models.

Loss1 = CrossEntropyLossðsoft label;ground truthÞ (Equation 2)
Loss2 = DistillationLoss
�
prediction smallest; soft label

�
(Equation 3)
10 iScience 27, 111020, October 18, 2024

http://www.restfmri.net/
http://www.nitrc.org/projects/panda


ll
OPEN ACCESS

iScience
Article
Loss3 = DistillationLoss
�
prediction ni; soft label

�
(Equation 4)
Loss = Loss1+ Loss2+ Loss3 (Equation 5)

where ‘soft_label’ is the prediction of the biggest child model, the ‘prediction_smallest’ and ‘predicted_ni’ represent predicted labels from

the smallest child model and N sampled child models, respectively.

In summary, we train supernet weights using the Sandwich Rule and the Inplace Distillation strategy, which not only optimizes the training

process but also reduces the computational burden.
Stacked cell architecture space

We present a pre-defined search space with a stacked cell architecture. Specifically, 7 search cells were stacked to form a network backbone.

To better focus the model on regions of interest, we introduced the squeeze-and-excitation attention (SE Att)62 in each cell. On the other

hand, we aim to improve the model’s ability to capture fine-grained local information by exploring different combinations of network param-

eters in each cell, such as network depth, channel number, and convolutional kernel size. Detailed settings of the search space are reported in

Table S1 (in the supplemental information).
Evolutionary learning search strategy

The target architecture was obtained in the search space using a self-designed evolutionary learning search algorithm. As shown in Fig-

ure S2B. Concretely, the N (=10) subnet was picked as the parent model from the trained supernet to generate the next generation. The

next-generation models were continuously generated from the parent model through random crossover and mutation. For the crossover,

two subnets were randomly picked from the parent model as the initial net for the crossover. For the mutation, a candidate mutation oper-

ation randomly varies the depth of the network with a probability Pd = 0.2. It also modifies the number of channels and the convolution kernel

size in each block. The optimal network architecture was obtained after 100 iterations of crossover and mutation.

In summary, we aimed to maximize the model’s performance while minimizing its size. We employed a self-designed evolutionary search

strategy to explore the optimal model based on the principle of survival of the fittest.
Feature fusion and classification

The multi-modal features were integrated and recognized through the feature fusion module and feature classification module, respectively,

as presented in Figure S3. Specifically, the features from sMRI, DTI and fMRI were extracted using the optimal network. The extracted features

were then integrated by concatenating them along the channel dimensions.63 Finally, the integrated features were input into a feature clas-

sification module, comprising an FC layer with a softmax function, to produce predictions for recognizing between HCs and MDD.
Implementation details

In this study, we employed a stratified 5-fold cross-validation approach to train and test the M-ENAS. In other words, the dataset was divided

into five non-overlapping subsets with a ratio of 3:1:1 for training, validation, and test subsets, respectively. Moreover, the Adam optimizer

with an initial learning rate of 0.001 and cosine annealing weight decay was used to optimize the training process. Additionally, to prevent the

risk of model overfitting, an early stopping strategy was implemented. The training was stopped when the validation accuracy failed to

improve for 10 consecutive epochs, reaching the patience threshold.

The experiments related to this study were compiled using PyTorch-1.13 and executed on anNVIDIA A100GPU, running on Ubuntu 20.04.
QUANTIFICATION AND STATISTICAL ANALYSIS

We applied a variety of evaluationmetrics to comprehensively assess the performance of the proposedmodel, including accuracy, precision,

recall, specificity, F1-score, and the number of training parameters, which are calculated according to Equations 6, 7, 8, 9, and 10, respectively.

Accuracy =
TP+TN

TP+FP+TN+FN
(Equation 6)
Precision =
TP

TP+FP
(Equation 7)
Recall =
TP

TP+FN
(Equation 8)
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Specificity =
TN

TN+FP
(Equation 9)
F1 � score = 23
Prec3Rec

Prec+Rec
(Equation 10)

where the TP, FP, TN, and FN are True Positive, False Positive, True Negative, and False Negative, respectively.

In addition, the reported experimental results are mean using the stratified 5-fold cross-validation and can be found in Tables 1, 2, 3, 4,

and 5.
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