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[ Abstract] The aging process is accompanied by changes in DNA methylation that has become one of the important
biomarkers of aging. Research in the field of aging has become more and more hot in recent years. Age prediction helps study
biological aging the research of biological aging, but the prediction accuracy needs to be further improved. Most of the previous
studies were based on linear regression models that used highly correlated CpG loci in DNA methylation data as features to predict
age. Compared with machine learning models, deep learning models is more inclusive for multi-feature tasks and can select more
CpG loci as features. In the methylation data of [llumina 27K and Illumina 450K arrays, methylation data of 21 368 CpG sites were

selected as input. MLPAge, a pan-tissue age prediction method, was established using multi-layer perceptron to predict age. MLPAge
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was compared with the Horvath 353 CpG clock, the standard in the pan-tissue age prediction methods, industry in an independent

validation set of 2 310 samples from § studies with Median Absolute Deviation (MAD) of 3.77 years. It was found that the

multi-layer perceptron is able to better extract age-related features and has higher accuracy in age prediction, providing a new deep

learning-based solution for the field.
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Tab.1 Data set for model training and testing
ID Platform Tissue Samples
GSE78874 450K Saliva 259
GSE92767 450K Saliva 54
GSE99029 450K Saliva 57
GSE138279 450K Saliva 65
GSE34035 27K Saliva 197
GSE28746 27K Saliva 84
GSE101961 450K Breast 121
GSE72773 450K Whole blood 310
GSE20236 27K Whole blood 93
GSE72775 450K Whole blood 335
GSE61496 450K Whole blood 310
GSE87571 450K Whole blood 727
GSES58045 27K Whole blood 172
GSE56105 450K Lymphocyte 614
GSE94876 450K Buccal 120
GSE137688 450K Buccal 250
GSE48988 27K Colon 178
GSE51954 450K Dermis, Epidermis 74
GSE36064 450K Leukocyte 78
GSE27097 27K Leukocyte 398
GSE137495 450K Buccal 145
GSE137884 450K Buccal 89
GSE137903 450K Buccal 254
GSE13789%4 450K Buccal 98
GSE94734 450K Buccal 177
GSE137502 450K Buccal 179
GSES56581 450K T cell 214
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Fig.2  Visualization of model training set results and test set results
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(a) Visualization of model training set results;

(b) Visualization of model test set results
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Tab.3 Comparison of MLPAge and Horvath
353 CpG clock in results (better results in red)

Dataset Platform MAE MAD MAE MAD

MLPAge MLPAge Horvath Horvath
GSE25892 27K 2.09 2.06 2.94 291
GSE19711 27K 6.18 4.28 6.27 4.82
GSE111223 450K 6.57 6.55 10.50 9.73
GSE77136 450K 11.25 10.65 12.1 11.0
GSE72338 450K 5.28 4.16 4.17 33
GSE36194 27K 6.19 4.46 9.51 7.18
GSE41169 450K 3.75 2.71 2.95 2.13
GSE15745 27K 3.80 3.62 6.12 3.86
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