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Abstract: Mass spectrometry imaging ( MSI) is a promising method for characterizing the spa-

tial distribution of compounds. Given the diversified development of acquisition methods and
continuous improvements in the sensitivity of this technology, both the total amount of genera-
ted data and complexity of analysis have exponentially increased, rendering increasing challen-
ges of data postprocessing, such as large amounts of noise, background signal interferences, as
well as image registration deviations caused by sample position changes and scan deviations,
and etc. Deep learning (DL) is a powerful tool widely used in data analysis and image recon-
struction. This tool enables the automatic feature extraction of data by building and training a
neural network model, and achieves comprehensive and in-depth analysis of target data through
transfer learning, which has great potential for MSI data analysis. This paper reviews the cur-
rent research status, application progress and challenges of DL in MSI data analysis, focusing
on four core stages: data preprocessing, image reconstruction, cluster analysis, and multimo-
dal fusion. The application of a combination of DL and mass spectrometry imaging in the study
of tumor diagnosis and subtype classification is also illustrated. This review also discusses
trends of development in the future, aiming to promote a better combination of artificial intelli-
gence and mass spectrometry technology.
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Fig. 1 Basic workflow of mass spectrometry imaging (MSI) data analysis
ROI; region of interest.
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Table 1 Summary of deep learning methods for MSI data analysis
. Neural Sample/ Acquisition -

Function networks Model Dataset methods Description Refs.
Data prepro- AE unsuper- rat brain MALDI the first exploration of deep learning in MSI data [ 21 ]
cessing vised dimensionality reduction

AE unsuper- human colorectal DESI unsupervised parameterization dimensionality [22]
vised carcinoma reduction method established by combining DNN
and {-SNE
VAE unsuper- METASPACE MALDI, DESI, fully connected VAE for unsupervised peak [23]
vised FT-ICR learning of different instrument/sample datasets
massNet, mouse brain spongio- MALDI scalable massNet framework for directly learning [ 24 ]
VAE blastoma of features from high-dimensional data
Res-Net - mouse muscle, human MALDI Res-Net model based on channel selection to [25]
colorectal carcinoma directly extract and characterize features
Image recon- U-Net, supervised mouse uterus, nano-DESI sparse dynamic sampling planning and image [27,
struction MLP kidney reconstruction by U-Net CNN 29]
U-Net-GAN - rat brain spongioblas- MALDI customize sampling unit and adversarial learning [30]
toma, kidney to optimize and improve accuracy of image
reconstruction
VGG supervised maternal plasma ESI irstly proposed to construct pseudo-images by [31]
using multi-dimensional information of LC-MS
Res-Net - human esophagus ESI image blocks based custom multi-channel [32]
squamous cell carcino- approach to optimize pseudo-imaging accuracy
ma serum
Image IsotopeNet, supervised pancreatic/squamous MALDI the first application of Res-Net in feature [33]
segmentation Res-Net cell carcinoma, lung/ extraction and ROI labeling of MSI
pancreatic tumor
IsotopeNet - human non-small cell MALDI a tumor classification system integrating DL and [34]
lung cancer LDA classification algorithms
MIL-CNN  semi-super- human renal cell carci- MALDI, DESI  semi-supervised MXL framework for tissue level [35]
vised noma, bladder cancer annotation to realize tumor sub-tissue labeling
and classification
MIL-CNN  semi-super- human breast cancer DESI application of MIL in cancer diagnosis with high [36]
vised accuracy
AE, CNN unsuper- mouse fetus, human MALDI dc-DeepMSI model and DL algorithm based data [37]
vised breast cancer reduction and feature clustering
Spatial Xception  semi-super- METASPACE MALDI Xception network based semi-supervised Pi model [38]
clustering vised showed best molecular colocalization ability
Xception, unsuper- human lymph nodes, MALDI Xception network based neural ion channel [40]
ANN vised mouse kidney realized more accurate spatial clustering
EffcientNet self-super- METASPACE MALDI contrast learning based CNN model realized [41]
vised unannotated molecular colocalization
Multimodal DenseNet supervised mouse adenocarcino- DESI DenseNet based features annotation for automated [ 43 ]
fusion ma tumor ROI division
IsotopeNet, - human non-small cell MALDI combining of U-Net and IsotopeNet for ROI [44]
U-Net lung cancer analysis and tumor annotation of MSI
Res-Net semi-super- human prostate MALDI similarity learning between H&E imaging and MSI [ 45]
vised data by Res-Net
SiameseNet , unsuper- human prostate DESI MassReg model containing U-Net annotation [46]
U-Net vised learning and SiameseNet output
DCNN unsuper- mouse kidney DESI the multimodal fusion strategy realized the custom [48]
vised feature extracting and matching through DCNN
CNN unsuper- mouse brain, human DESI spatial transformation network based DeepFERE [50]
vised liver cancer model for high-resolution images construction
GAN - mouse brain MALDI MOSR model by combining multiple networks [51]

to build the mapping relationship and predict
ultra-high-resolution images

- not given in the reference. AE. autoencoder; VAE . variational autoencoder; CNN. conventional neural network; Res-Net: resid-
ual network; GAN: generative adversarial network; VGG visual geometry group; MIL: multiple instance learning; MALDI . matrix-as-
sisted laser desorption ionization; DESI; desorption electrospray ionization; DL: deep learning; LDA: linear discriminant analysis.
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