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ENSAFE

Lack of EU regulations

ENSAFE is an environmental risk assessment framework for siRNA- and
peptide-based pesticides: integrating in silico, in vitro, and in vivo approaches.
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Structural bioinformatics approaches EN§AFE
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Hypothesis

« Off-target effects are through promiscuous target binding, which can be predicted from on-target
« Conserved binding motifs.
» Off-target structural plausibility.
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Off-target binding prediction through EN§AFE
conserved binding motifs and structural plausibility

* Prediction workflow
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Module 1. On-target structure generation

Jumper, J et al (2021). Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), 583-589.
Evans, R., et al (2022). Protein complex prediction with AlphaFold-multimer. bioRxiv [Preprint](2022).
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Off-target binding prediction through EN§AFE
conserved binding motifs and structural plausibility

* Prediction workflow
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Module 1. On-target structure generation Module 2. Motif search

Jumper, J et al (2021). Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), 583-589.
Evans, R., et al (2022). Protein complex prediction with AlphaFold-multimer. bioRxiv [Preprint](2022).
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Off-target binding prediction through ENSAFE
conserved binding motifs and structural plausibility

* Prediction workflow
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sequences structiire similar binding motifs candidates
Module 1. On-target structure generation Module 2. Motif search Module 3. Modeling - scoring

Jumper, J et al (2021). Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), 583-589.
Evans, R., et al (2022). Protein complex prediction with AlphaFold-multimer. bioRxiv [Preprint](2022).
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PepQ: peptide-protein model quality assessment ENSAFE

* Generating the on-target structure generation using ColabFold
* 5 models per run.

* Confidence scores.
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PepQ: peptide-protein model quality assessment EN§AFE

* Generating the on-target structure generation using ColabFold
* 5 models per run.

* Confidence scores.

How to assess and select complexes with high quality?
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Module 1. On-target structure generation
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PepQ: peptide-protein model quality assessment EN,;‘AFE

* Generating the on-target structure generation using ColabFold
* 5 models per run.

* Confidence scores.
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Module 1. On-target structure generation
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PepQ
Predicted DockQ for peptide-protein models
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PepQ: peptide-protein model quality assessment ENSAFE

Data

Query peptide-protein complexes from Protein Data Bank with the criteria regarding
resolution, canonical amino acids, lengths, and redundancy filter.

* Training set: complexes released before the release date of AlphaFold-Multimer.
* Test set: complexes released after the release date of AlphaFold-Multimer.

* Similarity filtering: any complexes in the test set that are similar to those in the training set

o were removed
M‘(/
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sequences structure

Module 1. On-target structure generation

Bryant, P. et al. (2022). Improved prediction of protein-protein interactions using AlphaFold2. Nature communications, 13(1), 1265.
Zhu, W. et al. (2023). Evaluation of AlphaFold-Multimer prediction on multi-chain protein complexes. Bioinformatics, 39(7), btad424.
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PepQ: peptide-protein model quality assessment

Data

Query peptide-protein complexes from Protein Data Bank with the criteria regarding
resolution, canonical amino acids, lengths, and redundancy filter.

* Training set: complexes released before the release date of AlphaFold-Multimer.
* Test set: complexes released after the release date of AlphaFold-Multimer.

* Similarity filtering: any complexes in the test set that are similar to those in the training set
% were removed

AL
~

Competing scores

Peptide-target On-target

. dockq: predicted protein-protei I lit B t, 2022
sequences tructure pdockq: predicted protein-protein complex quality score (Bryant, )

* pdockg2: predicted protein-protein complex quality score (Zhu, 2023)

* AlphaFold-Multimer internal ranking scores.
Module 1. On-target structure generation

Model architecture

* Multi-head attention: regression head (Huber), ranking head (ranking loss)

Bryant, P. et al. (2022). Improved prediction of protein-protein interactions using AlphaFold2. Nature communications, 13(1), 1265.
Zhu, W. et al. (2023). Evaluation of AlphaFold-Multimer prediction on multi-chain protein complexes. Bioinformatics, 39(7), btad424.
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PepQ: peptide-protein model quality assessment EN§AFE

Performance comparison on test set
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Peptide-target < On-target
SE{EEICES structure * pdockQ and pdockQ2 are logarithmic regression models

* pdockQ relies on inter-chain contact counts and interface pLDDT.
Mogdule 1, On:target stnicture generation  pdockQ2 enhances this framework by incorporating PAE.

* PepQ further integrates peptide-specific confidence features, allowing more
accurate assessment of peptide-protein interfaces.
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ENSAFE

Search tool

 Folddisco

 Amino-acid identity, interatomic distances, and
backbone/side-chain angular features.

* Fast lookups against large structural databases

Protein library

* AlphaFold Protein Structure Database

* |ndexed

Kim, H., et al. (2025). Structural motif search across the proteinuniverse with Folddisco. bioRxiv, 2025-07.
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ENSAFE

Pre-indexed, ready-to-use library
* 367 142 proteins

* 99 species of interest

Drosophila melanogaster
Aedes ae]gyptl
Callosobruchus maculatus
Folsomia candida
Caenorhabditis elegans
Pristionchus pacificus
Masonia_vitripennis

_ Sitophilus oryzae
Tribolium castaneum
Apis mellifera
Tetranychus urticae

, Hermetia illucens
Trichogramma brassicae
podoptera exigua
Anopheles coluzzii
Frankliniella occidentalis
Galleria mellonella
Bemisia tabaci
Acyrthosiphon pisum
Plutella xylostella
Borﬂgﬂs terrestris

Is gossypii

Tenebrlc? moﬂlor

Fieris rapae

Spodoptera littoralis

A. Protein counts by species: top 25 species
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Proteins (log scale)
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ENSAFE

* Improve quantity and quality of protein library.
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Future steps EN§AF c

Module 2. Motif search

* Improve quantity and quality of protein library.

OO0
Peptide sequence ) .
| ~, S Module 3. Modelling - scoring
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o — Sont e Curate and generate training datasets reflecting off-target
P HuE f ‘3\'/ X . .
ey e Wt binding.
adanbe Y3 g2 iy . L .
Proteins with | Final off-target  Develop models to predict off-target binding probability.
similar binding motifs candidates

Module 3. Modeling - scoring
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Off-target binding prediction through ENSAFE
conserved binding motifs and structural plausibility

* Prediction workflow
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Module 1. On-target structure generation Module 2. Motif search Module 3. Modeling - scoring
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PepQ: peptide-protein model quality assessment ENSAFE
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PepQ: peptide-protein model quality assessment EN§AFE

Full Objective

L (9) 8) = wreg Lreg + Wiank (6) Lrank + Wal Lnl’l + wartn_entropy Lenr + wgate_lz Lgate

B
Regression Loss: [WISSEy By 14;)? or Huber Loss
i=1

P
Ranking Loss: [ SRR TIMSN () 3wy log (‘1 +exp (-s;; (Apj —m)))_
LjeP

2
Gaussian NLL Loss: B i (log o; +% ({yi _I"i) ),
i=1

F H _B H
Attention Entropy Loss: SR Wattn_entropy H = Wattn_entropy =N 2 3D - a;, ¢log a; hf

BH i=1H1 f=1
i ool < 2
Loate = Woae 12 3 (85— 1)) "
f=D
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