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PROBLEM IMPROVEMENTS IN OUR ALGORITHM

Given a protein-ligand complex, how tightly do 1. Use persistence image (Adams etal. 2. Select a well-performing and
the two components bind to each other? 20186), a stable vectorization method potentially interpretable model

for persistence diagrams
TopologyNet (Cang et al. 2017) shows that

topological invariants captured via persistent clagram > diagram T(5) _—
homology can effectively predict binding affinity. . )
Can we design an interpretable algorithm on it? gl 5 Stafting with GBR | |
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PERSISTENT HOMOLOGY

Persistent homology builds up simplicial 3. Select the most important features 4. Iteratively reduce the number of
complexes and tracks the persistence of holes in by Gini and iterative ablation trees in gradient boosting tree
the sequence.

For an inte ra Ctive, non_mathematical ErN:SEbvasrsn;:;b;;EL;E?SL:T;?:i;?xr:;SE ver 50 runs. EMSEb\rs numbe;:r ozeséir;\atp? Tre?;ﬁg‘lcsh: 3 y
introduction to persistent homology, visit
intduke.com/ph. y
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@ RESULTS
SOLUTION An interpretable model for binding affinity prediction.

. . Model TNet-BP | TNet-BP . X|4] <= 43.267
Starting from the features developed in Cang et architecture|(as reported| (our imple-| GBR | GBR | GBR fedman, mss = 3,792
al. 2017, we iteratively produce simpler models n [12]) | mentation) e T
. . e e Number of

until the resulting model is interpretable. eontores | 14472 | 144 | Lom - 10 <7 D<= 0458
RMSE 1.37  |1.69 + 0.08/1.36 & 0.04|1.44 + 0.04|1.45 + 0.04 samples = 2193 samples = 2478
Pearson 0.83 0.56 £0.04|0.72 = 0.02 | 0.67 = 0.02 | 0.67 = 0.02 / ‘ ‘ R
Comparable performance with TNet-BP across 100 Part of a decision tree

random restarts
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