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Applications of deep learning in magnetic resonance imaging—based diagnosis of brain

diseases
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ABSTRACT As brain diseases can severely affect society, studies on the diagnosis of brain diseases are gaining importance. China is
focused on counteracting the issues in brain disease diagnosis and treatment. Magnetic resonance imaging (MRI) has the advantages of
high resolution and noninvasive nature, making it a preferred technique for brain disease research and clinical examination, providing
rich databases for brain disease diagnosis. Deep learning is used in various fields due to its scalability and flexibility, and it has shown
great potential for further development. Owing to recent developments in deep learning, it has made impressive achievements in various
fields, such as computer vision and natural language processing, exhibiting great potential for its development and impact on brain
disease diagnosis. Deep learning is being increasingly used for the diagnosis of brain disorders. We categorized studies reporting the use
of deep learning for brain disease diagnosis by the type of disease to provide insights into the latest developments in this field. We cover
the following aspects in this review. First, we reviewed and summarized the application of deep learning in the diagnosis of three typical
brain disorders: autism spectrum disorder (ASD), schizophrenia (SZ), and Alzheimer’s disease (AD). Second, we reviewed commonly
used datasets and available open-source tools for diagnosing these three brain disorders. Finally, we summarized and predicted the

application of deep learning in the diagnosis of brain disorders. The review focused on the diagnosis of the aforementioned brain

Yz %5 B H3: 2023-02-04
EE&TH: HE HARREE ST H (62172444) ; 1 & A SR Bl 24 5 & ¥ B 00 H (20221330753) 5 H R K 2% 4 357 3K 2 31 %l ¥ B i H
(2023CXQDO18)


mailto:liujin06@csu.edu.cn
mailto:liujin06@csu.edu.cn
https://doi.org/10.13374/j.issn2095-9389.2023.02.04.002
https://doi.org/10.13374/j.issn2095-9389.2023.02.04.002
https://doi.org/10.13374/j.issn2095-9389.2023.02.04.002
http://cje.ustb.edu.cn

A A5 - TR IEE 5 > T R SR 32 (RIS 12 1B v ) 1oz

- 307 -

disorders. ASD is a neurodevelopmental disorder that occurs in early childhood. SZ is a psychiatric disorder that occurs in young

adulthood. AD is a brain disorder that commonly occurs in old age. We illustrated the application of deep learning in the diagnosis of

these brain disorders based on the characteristics of their different inputs. While using MRI as an input source, most convolutional neural

networks were used as backbone networks to design feature extraction methods. However, while working with data containing sequence

information from many time points, recurrent neural networks were used to extract key information from the sequences. Apart from

directly processing images as input, many studies extracted manual features, constructed graphs of manual features, and used graph

neural networks for analysis. This approach yielded remarkable results. Moreover, our findings indicated that graph neural

network—based analysis methods are being commonly used to diagnose brain disorders.

KEY WORDS magnetic resonance imaging; deep learning; brain disease; autism spectrum disorder; schizophrenia; Alzheimer’s

disease
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Table 1 Overview of using deep learning-based methods to diagnose autism spectrum disorder

Reference Method Database Performance Criteria
NYU:
ABIDE I Acc: 77.6[3;@,LﬁU5: 77.67%,
NYU: 73 ASD vs 98 HC, e g
8] Adaptive learning UCLA_1: 28 ASD vs 27 HC, Acc: 82'73(;’I’\4A11J_C' 78.67%,
UM_1: 36 ASD vs 46 HC —
- ’ Acc: 78.11%, AUC: 75.44%,
Yale: 22 ASD vs 26 HC YALE
Acc: 89.13%, AUC: 87.33%
. . ABIDE:
Acc: 72.67%, AUC: 77.26%
[9] Dynamics learning 403 ASD vs 468 HC cc o o
ABIDE:
NYU: 71 ASD vs 93 HC, N‘{JL;/'[_‘ZCC' '85516%75%’
(10] CIM UM: 48 ASD vs 65 HC, Lo
UCLA: 36 ASD vs 38 HC - Ace: 76.175%
Biopoint Dataset: .
[11] GNN 115 subjocts Acc: 79.80%
ABIDE:
[12] GNN J03ASD v 468 HC Acc: 81.75%, AUC: 85.22%
ABIDE:
[13] GCN 468 ASD vs 403 HC Acc: 82.20%, AUC: 84.95%
ABIDE I:
(14] CNN 500 ASD vs 500 HC Ace: 3%
ABIDE T+I:
(5] CNN 620 ASD vs 542 HC Acc: 64%, F1: 66%
NDAR:
Acc: 77.2%, AUC: 77.3%
[16] CNN 33 ASD vs. 33 HC « ¢ ¢
ABIDE:
: Acc: 66.7%, AUC: 66.3%
(17] GCN 485 ASD vs 544 HC e ¢ ¢
ABIDE I: ABIDE I:
463 ASD vs 471 HC; Acc: 68.89%;
(18] CNN ABIDE T ABIDET :
410 ASD vs 382 HC Acc: 68.20%
ABIDE:
i i : Acc: 73%, AUC: 78%
[19] Domain adaptation 505 ASD vs 530 HC cc o o
) ABIDE:
Acc: 68.42%, AUC: 69.31%
[20] Clustering 280 ASD vs 329 HC cc o o
ABIDE I:
Acc: 74.7%
[21] GNN 481 ASD vs 526 HC « ¢
ABIDE:
: Acc: 63.7%, AUC: 63.6%
(22] GCN 485 ASD vs 544 HC e ¢ ¢
[23] GNN ABIDE: Acc: 89.77%, AUC: 89.81%

403 ASD vs 468 HC

Note: ABIDE=Autism Brain Imaging Data Exchange; NDAR=National Database for Autism Research; ASD=Autism spectrum disorder; HC= Health
control; NYU=NYU Langone Medical Center; UCLA=University of California, Los Angeles; UM=University of Michigan; YALE= Yale Child Study
Center;, CLM= Connectome landscape modeling; CNN=Convolutional neural networks; GNN=Graph neural networks; GCN=Graph convolutional

networks; Acc= Accuracy; AUC= Area under roc curve.
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Table 2 Overview of using deep learning—based methods to diagnose schizophrenia
References Method Database Performance Criteria
COBRE:
Acc: 82.42%
(23] CNN 60 SZ vs 71 HC e ‘
In-House:
Acc: 82.05%
[26] CNN 178 SZ vs 180 HC e ‘
[27] KDA Depa”mgzts"zf Psyzihggy’ NBH: Acc: 91.33%, AUC: 90.95%
Vs
In-House:
(28] C-RNN 558 SZ vs 542 HC Ace: 85.3%
MCICShare, COBRE,
[29] CNN and fBRINPhase-11: Acc: 92.22%
300 SZ vs 300 HC
PHENOM: Penn: Acc: 73.12%,
Penn: 96 SZ vs 131 HC, L : .
(30] CNN Munichi: 145 SZ vs 157 HC, Munich: Acc: 64.22%,
China: 66 SZ vs 76 HC China: Ace: 78.94%
[31] CNN 42 SZ vs 40 HC Acc: 98.39%
[32] CNN 335 SZ vs 380 ASD Acc: 87%
BrainGluSchi, COBRE, MCICShare,
[33] CNN NMorphCH, and NUSDAST: AUC: 95.9%
443 SZ vs 423 HC
COBRE:
[34] CNN 69 SZ vs 72 HC Acc: 77.8%
Kaggle:
[35] VAE 05T ae HE Acc: 84%
FBIRN:
Acc: 75.3%
[36] CNN 98 SZ vs 112 HC cen e
B-SNIP:
Acc: 78.5%
371 RNN 229 HC vs. 176 SZ vs 140 BDP vs 129 SAD ce 187
IMH:
: Acc: 81.02%, AUC: 84%
[38] CNN 148 SZ vs 76 HC e ¢ ¢
Affiliated Brain Hospital of Guangzhou Medical
[39] GCN University and the local community: Acc: 92.47%, AUC: 95.36%

140 SZ vs 205 HC

Note: SZ= Schizophrenia; HC=Health control; BDP=Bipolar disorder with psychosis; SAD= Schizoaffective disorder; COBRE=Center of Biomedical
Research Excellence; MCIC= MIND Clinical Imaging Consortium; NUSDAST= Northwestern University Schizophrenia Data and Software Tool;
NBH=Nanjing Brain Hospital; PHENOM= PHENOM consortium; FBIRN=Function biomedical informatics research network; B-SNIP= Bipolar-
schizophrenia consortium on intermediate phenotypes; IMH= Institute of Mental Health; KDA= Kernel discriminant analysis; RNN= Recurrent neural
network; C-RNN= Convolutional recurrent neural network; VAE= Variational auto-encoders.
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Table 3 An overview of the application of deep learning—based methods to diagnose Alzheimer’s disease

References Method Database Performance Criteria
eMCI vs HC:
Acc: 84.6%
ADNI: AD vs HC:
[43] CNN 48 NC vs 50 eMCI vs 45 IMCI vs 31 AD Acc: 88.0%
AD vs. IMCI vs eMCI vs HC:
Acc: 57.0%
ADNI: Acc: 87.7%,
[49] AE 37 NC vs 36 MCI AUC: 0.889
ADNI: .
220 NC vs 192 AD NC vs AD vs MCI:
50 Adapti learni 402 MCI Acc: 77:48%
130] aplive sparse fearning v ’ NC vs AD vs IMCI vs sSMCI:
402 MCI vs 146 IMCI Ace: 64.97%
vs 256 sMCI T
. . ADNI: Acc: 88.84%,
[42] Multi-graph fusion 59 AD vs 48 NC AUC: 90.22%
ADNI: Acc: 86%,
[44] GEN 191 MCI vs 179 NC AUC:90.3%
ADNII1:
205 AD vs 231 NC vs 165 pMCI vs 147 sMCI
ADNI2:
AD vs NC:
[45] CNN 162 AD vs 205 NC vs 88 pMCI vs 253 sMCI Acc: 93.57%.
ADNI3: AUC: 94.98%
60 AD vs 329 NC vs 178 MCI U
AIBL:
71 AD vs 447 NC vs 11 pMCI vs 20 sMCI
ADNI:
Acc: 92.7%
(51] GEN 116 NC vs 98 MCI e Te
ADNI:
Acc: 70.9%
[52] GRU 164 AD vs 346 MCI vs 198 NC ce 102
NC vs SMC:
Acc: 84.9%
NC vs MCI:
Acc: 85.2%
NC vs IMCI:
ADNI: Acc: 89.0%
(53] GCN 44 SMC vs 44 eMCI vs 38 IMCI vs 44 NC SMC vs eMCI:
Acc: 88.6%
SMC vs IMCI:
Acc: 87.8%
eMCI vs. IMCI:
Acc: 85.5%
AD vs. NC:
. 0
ADNL: A/iiig?gsﬁq/n’
[54] self-expressive network 160 AD vs 82 SMC vs 273 eMCI vs 187 IMCI vs 2 .
211 NC eMCI vs IMCI:
Acc: 73.85%,
AUC: 70%
NC vs AD:
AUC: 92.31%
NC vs MCI:
AUC: 69.73%
ADNIL: sMCI vs pMCI:
[46] GAN 211 NC vs 350 MCI vs 173 AD AUC: 73.51%
NC vs MCI vs AD:
AUC: 71.33%
NC vs sMCI vs pMCI vs AD:
AUC: 69.31%
AD vs. sMCI vs NC:
Acc: 92.31%,
ADNI: AUC: 93.91%
(23] GNN 211 NC vs 275 sMCI vs 45 pMCl vs 72 AD, sMCI vs pMCI:
Acc: 92.30%,
AUC: 92.38%
. ADNI: Acc: 90.14%,
(53] Transfer Learning 85 AD vs 185 MCI vs 90 NC AUC: 96%
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Table 3 (Continued)

References Method

Database Performance Criteria

[56] GCN

ADNI2, ADNI3, In-House:
163 NC vs 44 SMC vs 86 eMCI vs 166 IMCI

NC vs SMC:
Acc: 93.2%
NC vs eMCI:
Acc: 91.1%
NC vs IMCIL:
Acc: 94.2%
SMC vs eMCI:
Acc: 91.5%
SMC vs. IMCI:
Acc: 95.7%
eMCI vs IMCI:
Acc: 92.4%

Note: ADNI= Alzheimer's Disease Neuroimaging Initiative; AIBL=Australian Imaging Biomarkers and Lifestyle Study of Aging database;
AD=Alzheimer's Disease; NC=Normal control; MCI= Mild cognitive impairment; eMCI= Early mild cognitive impairment; IMCI=Late mild cognitive
impairment; pMCI= Progressive MCI; sMCI= Stable MCI; SMC= Significant memory concern; AE=Auto encoder; GRU=Gate recurrent unit;

GAN=Generative adversarial network.

F4 ATHEEE
Table 4 Open databases

Database Disease Link Modal Access

ABIDE ASD http://preprocessed-connectomes-project.org/abide/ fMRI Free
SFARI ASD https://www.sfari.org/resource/sfari-base/ Phenotyplc, Genetic, Register

Imaging Data
SPARK ASD https://www.sfari.org/resource/spark Phenotypic Data, Register
ps: SHar.org P Genomic Data &
Kaggle Autism Facial ASD https://drive.google.com/drive/folders/ 17 XQUOpluLOm3TIquntano12d68pe Facial Images Free
Dataset Mb8A?usp=sharing
CANDI SZ https://www.nitrc.org/projects/cs_schizbull08/ MRI Register
. . L rs-fMRI, sMRI, .
COBRE Sz http://fcon_1000.projects.nitrc.org/indi/retro/cobre.html Phenotypic Data Register
Clinical, Genetic,
ADNI AD https://adni.loni.usc.edu/ MRI, PET, Register
Biospecimen
. . Tlw, T2w, FLAIR,
OASIS AD https://www.oasis-brains.org/ ASL. DTI Free
PET, Tlw, PDW,
AIBL AD https://aibl.csiro.au/ T2w, DWI, FLAIR, Register
SWI

HCP AD https://www.humanconnectome.org/study/hcp-young-adult/data-releases MRI, MEG Register

Note: PET= Positron emission tomography, T1w=T1-weighted, T2w= T2-weighted, FLAIR= Fluid attenuated inversion recovery, ASL= Arterial spin
labeling, DTI= Diffusion tensor imaging, PDW= Proton density weighted, DWI= Diffusion weighted imaging, SWI= Susceptibility weighted imaging,

MEG= Magnetoencephalography.
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http://preprocessed-connectomes-project.org/abide/
http://preprocessed-connectomes-project.org/abide/
http://preprocessed-connectomes-project.org/abide/
http://preprocessed-connectomes-project.org/abide/
http://preprocessed-connectomes-project.org/abide/
https://www.sfari.org/resource/sfari-base/
https://www.sfari.org/resource/sfari-base/
https://www.sfari.org/resource/sfari-base/
https://www.sfari.org/resource/spark
https://drive.google.com/drive/folders/1XQU0pluL0m3TIlXqntano12d68peMb8A?usp=sharing
https://drive.google.com/drive/folders/1XQU0pluL0m3TIlXqntano12d68peMb8A?usp=sharing
https://www.nitrc.org/projects/cs_schizbull08/
http://fcon_1000.projects.nitrc.org/indi/retro/cobre.html
https://adni.loni.usc.edu/
https://www.oasis-brains.org/
https://www.oasis-brains.org/
https://www.oasis-brains.org/
https://aibl.csiro.au/
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases
https://www.humanconnectome.org/study/hcp-young-adult/data-releases

A 45 . TR IE 7 S TERE SRR B 12 W v 64 0 313 -
#5 JFHTH
Table 5 Open source toolkits
Toolkit Link References Language
DPARSF http://rfmri.org/DPARSF [57] MATLAB
REST http://www.restfmri.net/forum/ [58] MATLAB
SPM https://www.fil.ion.ucl.ac.uk/spm/ [59] MATLAB, C
Freesurfer https://surfer.nmr.mgh.harvard.edu/fswiki/FreeSurferWikiAnalysisPipelineOverview [60] Python
DPABISurf http://rfmri.org/ [61] MATLAB
MMTGCN https://github.com/Brain03Yao/MMTGCN [44] Python
BrainGNN https://github.com/xxlya/BrainGNN_Pytorch [11] Python
TDL https://github.com/Change489/TDL [9] —
ENGINE https://github.com/ku-milab/ENGINE [46] Python
MMP-GCN https://github.com/Xuegang-S/MMP-GCN [56] Python
MMGL https://github.com/SsGood/MMGL [23] Python
CLM https://github.com/Change489/CLM [10] —
TP-MIDA https://github.com/kundaMwiza/fMRI-site-adaptation [19] Python
HDLFCA https://github.com/minzhaoCASIA/HDLFCA [28] Python
MAGIC https://github.com/anbail 06/MAGIC [62] Python
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http://rfmri.org/DPARSF
http://www.restfmri.net/forum/
https://www.fil.ion.ucl.ac.uk/spm/
https://surfer.nmr.mgh.harvard.edu/fswiki/FreeSurferWikiAnalysisPipelineOverview
http://rfmri.org/
https://github.com/Brain03Yao/MMTGCN
https://github.com/xxlya/BrainGNN_Pytorch
https://github.com/Change489/TDL
https://github.com/ku-milab/ENGINE
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https://github.com/anbai106/MAGIC
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