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SSIT [%£8E

TABLE |
COMPARISON RESULTS WITH STATE-OF-THE-ARE SELF-SUPERVISED LEARNING METHODS ON THREE EVALUATION DATASETS.
Method DDR Messidor-2 APTOS2019
Fine-tuning Linear k-NN Fine-tuning Linear k-NN Fine-tuning Linear k-NN

Random init. 1840 + 7.09 15.56 + 5.60 1942 1955 + 240 1580 = 7.14 506 7087 + 0.59 57.99 + 2.19 5648
ImageNet init.  84.27 = 0.74 67.06 = 0.75 4047 7890 4+ 149 61.14 & 1.63 3354 9337 4 045 86.59 & 043 7471
SimCLR [12]  72.15 4+ 083 67.69 + 1.68 53.53 6547 4+ 145 5928 £202 4087 9034 +029 8679 + 0.60 83.29
MoCo-v3 [14] 7141 + 1.61  66.08 & 1.15 5605 6346 + 074 59.82 +2.05 4041 90.15 4+ 0.58 85.19 &+ 0.53  80.68
DINO [28] 68.49 4+ 094 6638 £ 0.53 4986 6047 +239 6098 + 092 4065 90.50 4+ 032 8507 £ 037 79.44
MAE [31] 7240 + 191 5931 £ 0.89 3870 51354428 4350 +£ 159 2139 9097 4+ 035 8324 £ 054 75.64
SSiT (ours) 81.88 + 026 7133 + 0.78 5889 77.53 + 0.84 67.23 + 0.53 49.42 9297 + 029 89.65 + 0.20  84.65
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Method Giga-SSL (proposed)  AverageMIL  DeepMIL [17] HIPT [3] DeepSMILE [30]
Linear v v P’ X X
A Task % data
0,950 100 0.952+£0020  0913+0023 0948+0017 0.952+0.021 -
¢ NSCLCsubtyping
25 0.939-£ 0017  0.885+0036 09220034 0.923 =+ 0.020 -
_ s P— 100 0.905£0032 0859+ 0038 0874L0050 0.874 + 0.060 5
0.925 subtyping 25 0.890+0.058  0.822+0.072 0.860+0.042 0.821 + 0.069 -
< A 100 09820007 0973 £0011 0.986=+0.008 0.980 £ 0.013 :
2 0.900 - i Sized subtyping 25 09750012  0959+0015 0970+0016 0.974+0.012 -
- BRCA 100 09380035 0920+ 0037 09240042 = .
0.875 - —— 100 molecular 25 0.853 + 0.075 0.799 + 0.068  0.810 + 0.093 - -
-— 250
100 0.756 £ 0028 0.706+0.030 0.736 £ 0.047 - 0.727 £ 0.010
R0 . BRCANWHRD oy 0.743£0039  0.643£0.050 0.660 = 0.046 - -
50 100 BRCA (HRD 100 0.855+£ 0023 0.799 £ 0034 0.836+ 0.052 . 0.838 £ 0.012
Number of tiles 25 0.781+£0050  0.698+0.078 0.721 =+ 0.075 : :
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ContlG T4gE

Model & Genetics Encoder APTOS RFMiD PALM Cardio. Risk Pred.
QwKappa 1 ROC-AUC 1T  Dice-Score 1 MSE | ROC-AUC 1

Baseline - 80.47 91.64 7725 3.440 56.29
SimCLR [23] - 81.83 91.88 70.41 3.451 59.38
SimSiam [25] - 75.44 91.28 72.26 3.442 §7.37
BYOL [40] - 71.09 89.88 66.32 3.414 59.73
Barlow Twins [130] - 72.28 92.03 70.53 3.430 59.05
NNCLR [327] - 77.93 91.89 72.06 3.426 61.95
ContIG (Raw-SNP)  H1 84.01 93.22 76.98 3.254 70.10
ContIG (PGS) H1 85.93 93.31 78.47 3.176 72.72
ContIG (Burden) H1 83.22 93.03 76.49 3.160 12.37
ContIG (Inner RPB) HI1 81.52 92.95 77.34 3.202 70.80
ContIG (Outer RPB) H1 84.22 93.62 76.97 3.187 71.80

Table 1. Downstream evaluation results by fine-tuning on each task. Bold indicates the best result, underlined is second best. RPB in our
method stand for the genetic modalities used: Raw-SNPs, PGS-scores, and Burden-scores. 1 means higher is better, and | lower is better.
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