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QUESTION:

WORK:

Domainshift: existing methods are only developed and validated using in-distribution
data ,

Label scarcity: many interactions still need to be annotated from experimental data, only a
small portion of labeled samples can be used for model training

1. propose an effective Self-ensembling multi-Graph Neural Network-based PPl prediction
(SemiGNN-PPI) framework

2. combining GNN with Mean Teacher (SSL model) , to explore unlabeled data for self-
ensemble graph learning and effectively utilize unlabeled data by consistency regularization

with multiple constraints..
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PPI graph Encoding(GNN)
by = ¢ (hy =0 fO ™ ru e Ni(p)}), (D

PPl graph Encoding(GNN+GIN+MLP)
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Label graph Encoding(GCN)
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Method SHS27k SHS 148k STRING

Random DES BES Random DFES BES Random DES BES
ML RF 78.450. 88 35.5H9 20 37.671.57 82.10¢.20 43.2635.43 38.961 94 88.919.08 70.800.45 55.311.02
LR 71.550.93 48.511 87 43.065.05 67.000.07 51.092 09 47.451 42 67.740.16 61.280.53 50.545 00
DPPI 73.995.04 46.123.02 41.430.56 77.481,39 52.031.18 52.123,70 94.850.13 66.820_29 56.681_04
DL DNN-PPI 77.894. 97 54.344 30 48.907 24 88.49¢ 48 58.425 o5 57.400 10 83.08p.11 64.94¢ .93 53.050 82
PIPR 83.31p.75 H7.803.24 44,484 44 90.052. 59 63.980.76 61.8310.23 | 94.430.10 67.450.34 55.651 60
Graph GNN-PPI 87.91¢.39 T4.725 26 63.811 .79 92.260.10 82.670.85 71.375.33 95.430.10 91.07¢.58 78.375.40
GNN-PPI* 88.870.23 75.683.95 68.843 16 92.130.10 83.771.34 69.023.07 94.94¢.17 90.62p .23 79.762.43
M-Graph SemiGNN-PPI 89.510_46 78.323,15 72.152_37 92.400,22 85.451_17 71.783,53 95.570,03 91.23(},23 80.842_05

Table 1: Performance of SemiGNN-PPI and baseline methods over different datasets and data partition schemes. GNN-PPI: reported results

in the original paper. GNN-PPI™: reproduced GNN-PPI results. The scores are presented in the format of meangq.
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Method STRING SHS 148k SHS27k
5% 10% 20% 100% 5% 10% 20% 100% 5% 10% 20% 100%
Partition Scheme = Random

GNN—PP] 89.940_29 92.380.51 93-300.56 94.940.17 79-190.6? 82.860_49 86.670.22 92.130_10 52.043.32 60.2812_2(3 79.441_19 88.870_23

Ours 90.550.10 92.660.50 93.900.41 95.570.08(79.50031 83.480.30 87.380.24 92.400.22|57.971.13 62.6711.26 81.01p.47 89.510.46
Partition Scheme = DFS

GNN-PPI| 86.60g.37 87.91p.30 89.42p46 90.62023 [68.771120 78.36223 80.96161 83.771.34 | 5D3.41164 H8.43297 65.73418 7H.683.95

Ours 87.540.06 88.980.26 90.230.12 91.230.26|69.949 57 81.12p.08 83.630.86 85.451.17|58.48:.11 61.181 98 70.31238 78.323.15
Partition Scheme = BFS

GNN-PPI| 71.35467 7494235 79.99275 79.762.43 | 61.423 20 62.513.07 67.103.48 69.023.07 | 57.934.11 56.8412.190 61.18658 68.843.16

Ours 73.35400 76.942 53 81.392 44 80.845 05|64.862 97 68.761 62 71.06335 71.78356|60.152 00 66.13201 67.695 47 72.152 87

Table 2: Performance comparison of different methods under different label ratios. The scores are presented in the format of meangq.
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Method % Labels Random Partition DFS Partition BFS Partition

BS (92.66%) ES (6.95%)  NS(0.39%) | ES (75.95%) NS(24.05%) | ES (85.70%) NS(14.30%)

GNN-PPI 100 89.17 7244 50.00 77.81 63.44 71.03 44.80

SemiGNN-PPI 89.68 72.93 50.00 81.75 66.32 75.14 57.00
BS (73.18%) ES (24.98%) NS (1.84%) | ES (72.87%) NS (27.13%) | ES 47.71%) NS (52.29%)

GNN-PPI 20 83.46 70.10 43.68 64.40 5421 59.04 66.33

SemiGNN-PPI 84.09 71.95 45.78 73.30 55.46 58.10 73.82
BS (55.80%) ES (38.03%) NS (6.16%) | ES (63.36%) NS (36.64%) | ES (41.14%) NS (58.86%)

GNN-PPI 10 79.64 69.64 38.41 56.13 53.85 36.02 47.89

SemiGNN-PPI 80.22 70.33 41.67 61.07 57.90 57.39 72.73
BS (38.16%) ES (47.61%) NS (14.23%) | ES (46.63%) NS (5337%) | ES (43.18%) NS (56.82%)

GNN-PPI 3 53.43 44.33 40.64 53.85 49.62 56.10 51.95

SemiGNN-PPI 59.76 57.82 42.71 58.25 56.25 58.18 58.60

Table 3: Analysis on performance between GNN-PPI and SemiGNN-PPI over BS, ES, and NS subsets in the SHS27k dataset. The ratios of
the subsets are annotated in brackets. The BS subsets are empty under DFS and BES partitions and are omitted for brevity.
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PPI Type Type Ratio Random Partition DFS Partition BFS Partition
GNN-PPI SemiGNN-PPI GNN-PPI SemiGNN-PPI GNN-PPI SemiGNN-PPI

Reaction 40.61% 89.580.15 90.16¢9 43 81.901 g5 85.860.71 61.621 29 64.925 73
Binding 52.71% 88.280_48 89.460_57 83.521_41 86.390_37 70.004,10 72.433_33
Ptmod 20.99% 87.040.29 87.420_33 77.941*57 82.991_44 65.925,52 71.325_04
Activation 42.51% 85.150 .38 85.260 46 73,489 74 77.951 .10 67.445 43 68.045 o6
Inhibition 20.20% 87.210_18 88.090_31 72.461_11 78.122_32 60.20‘4_62 67.717_21
Catalysis 44.67% 89.360 44 90.350.31 82.300.80 85.771 .20 65.704 42 73.396.33
EXPICSSiDH ?69% 47.850,79 46.990,22 34.963,74 32.455,95 31.815,37 28.994,9{)
MHCI'O-AVEI'&gE - 8207059 82.530_33 72-371‘87 74.16109 6038505 63.295_29
Micro-Average - 86.670,22 87.380.24 80.961_61 83.630_33 67.103,43 71.063_35

able 4: Per-class results in the SHS 148k dataset with 20% training labels. The type ratios are calculated over the whole dataset.
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Figure 2: Performance comparison on trainset-heterologous test- 50 3% ORI —a—1x

sets. DG: domain generalization. IDA: inductive domain adaptation. PGE + LGE +SE +GCC

TDA: transductive domain adaptation. _ ) ) .
Figure 3: Results of ablation studies on different components of

SemiGNN-PPI using the SHS27k dataset.
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