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BACKGROUND Phase | Phase I Phase lli Phase IV Binding | Using known
€ Novo

This project aimed to leverage Al-driven I I N site binder fragments
methods, complemented by advanced
computational techniques such as Molecular

Modelling (MM) and Molecular Dynamics
Review literature and data to Dock short peptides and score Apply filters to select Rank candidates using a unified metric 59,300 99,300

(MD) simulations, to generate novel binders . . e . . - .
. . . understand target proteins sites by binding energy top binder candidates combining multiple scores
for two prespecified protein targets: T1 and O O O ® 15,700 15,700

T2. The entire binder discovery process -

from initial target analysis to final candidate ‘ ‘ ‘ ‘ 8,500 8,500
selection - was performed in silico.
o
The core objective was to generate a ranked ° ? A ? A T v o ,
list of up to 100 binder candidates for each Table 1: Number of generated binding candidates as a result of Phase |I.
‘ ‘ ‘ l To create potential binders, two deep learning models were used. First,

Total

Target Binding Site Filtering and Multiparametric 24,600 67,100
Analysis Evaluation Prioritization Prioritization

target through a comprehensive . , , , ,
: : RFdiffusion created three-dimensional protein backbones, either from
computational approach. This process

encompasses the identification of promising [ o scratch (de novo) or by incorporating fragments of known binders

binding sites, the design of novel binder Binding Site Identification Binders Design Structural Validation In Vitro Testing (template-guided). Next, ProteinMPNN generated multiple different amino

structures and sequences using generative Apply geometric and Generate binder structures and Assess structural Experimental validation acid sequences for each backbone to increase the likelihood of finding
physicochemical fingerprints to their sequences using de novo compatibility of top binders high-affinity binders.
identify binding sites or template-guided approaches and refine scoring

Al models, and rigorous in silico filtering and
ranking based on predicted binding, stability,
solubility, and other key biochemical
properties.

Figure 1: Project Pipeline Overview. Diagram outlining the full project workflow, divided into four main phases: (I) target Initial Binder Candidates
analysis, (Il) generative design, (lll) filtering and ranking, and (IV) in vitro validation.
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We implemented a three-phase compu- AR & Thermal Stability
tational pipeline to generate high-confidence . ; > oV “

! _ ; : > Al-Based Surface
de novo binders for two targets (Figure 1). - : P (i 44 Mapping

Cofolding

A geometric deep learning & Structural Ranking

e Target analysis (Phase I): Binding sites L N | *"F . : NN T e S model (MaSIF) encodes
on each target were identified and : < ; P . o surface fingerprints from
prioritized using MaSIF [1] and ARDock, . gy - : BTN 3D shape and chemistry to
our in-house peptide-docking module. : j : - IPCPY rapidly predict interaction
The top 500 predicted complexes (ranked ) : g : hotspots.

Solubility Filtering

Interaction
Quality Ranking

by docking score) were selected for ¥ : : -
further design (Figure 2). @S De. : : Non-binding
Generative design (Phase |)E € INAE region Final Binders for
State-of-the-art models: RFdiffusion [2] 57 N T ' Target PPl patch Validation
and ProteipMPNN .[3] were used to NI S @ Physics-Based Peptide 100 top ranked
generate diverse binder scaffolds and Docking

amino acid sequences tailored to the | A | Our docking engine
binding sites identified during Phase | | e L) (ARDock) exhaustively Figure 4: Visual representation of Phase llI: Filtering cascade overview.
(Figure 3 & Table 1). Two strategies were . LSS  places short peptide
used: de novo design from backbone f o s - fragments (all possible 2-3
structures and template-guided | i ' RN amino acid peptides and
expansion of fragments. Reverse-folding AN e a random set of 4-6 amino
methods further refined the candidate Target structure 4 W& acid peptides) on the
binders. target to identify

Filtering and ranking (Phase Ill): | high-affinity, accessible
Candidates were triaged by structural R . binding regions.
confidence, docking scores, isoelectric Peptide fragments After sequence-based
point, amino acid composition, and key filters

biophysical properties, ensuring only the

most promising molecules progressed Figure 2: Visual representation of Phase I: This phase involved using a geometric deep learning method, MaSIF, and an in-house

(Figure 4 & Table 2). Candidates were peptide-docking platform, ARDock, to identify and prioritize binding sites on target proteins. stability filters
ranked based on the values of four

scores, PAE interaction, complex pLDDT, After selection ba_sed
pDockQ, and binder RMSD [4-6]. Based on structure confidence 1,800 930 900 470

Initial binder candidates 67,100 59,300 15,700 8,500
16,843 19,321 5,912 1,091

After pl and thermal 8 986 15,573 2 861 962

on these, rankings of the top 100 binders Step 1. Step 2. Step 3. Score

for each binding site were created. Select starting point Binder backbone design Sequence Design & Ligand Completion After solubility filtering 1,120 677 519 313
As a final verification step, candidate _
sequences were subjected to an vy : : Interaction
anti-drug antibody (ADA) development L0 . 8 3 ‘ : ‘ Quality Ranking
risk  assessment using  Ardigen’s ‘ : ’ .

ARDisplay II model, alongside screening
against natural repertoires and patent
databases via a tiered risk assessment of
sequence similarity and coverage to
ensure uniqgueness (Figure 5).

100 100 100 100

Table 2: Number of binder candidates generated and filtered for proteins
Tl and T2. The generated binder candidates were evaluated and
prioritized based on a comprehensive set of structural, physicochemical,
and functional criteria, to select the most promising designs for
experimental validation.

De novo design
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Key results:

e We executed an in silico workflow,
encompassing detailed analysis of target
protein surface, generative de novo design IMPACT

of binder structures and sequences using A : : : :
_ | Patent Sequence Identity B | Hit Landscape Fiaqure 5. Patent risk and sequence . . .
state-of-the-art Al models and rigorous Low risk MEDIUM risk | HiGH is 9 q Our Biologics Discovery Platform seamlessly

. : e . . . uniqueness assessment as the final - . :
multiparametric filtering, including mAb-A VH mAb-A VH q integrates  physics-based  approaches  with

patent-deposited sequence screening mAb-A VL- mAD-A VL pipeline verification step. As a last state-of-the-art Al methods to deliver

screening stage, candidate high-confidence, ranked binder candidates for

While  target T1 benefited  from i sequences are queried against a
mAb-C VH mAb-C VH

high-resolution crystal structures that L e unified reference proteome experimental validation.

enabled confident, template-guided design, ; comprising natural antibody
target T2 was more challenging because it repertoires (ABSD, ~5 species) and We successfully applied this pipeline to
lacked an unbound protein structure. I —— broad patent-deposited sequences evaluate complex protein targets, generating de
Therefore, we used custom structural mADE VL1 mAD-E VL (PLAbDab, NCBI pataa; >8.4 M novo binders with optimal physicochemical
modeling and  molecular dynamics g MEDIUM entries total). Hits are retained at

simulations to find viable binding regions mAb-F VH mAb-F VH >60% sequence identity and =60%

mAb-F

for de novo design. mAb-F VL - . mAb-F VL query coverage. Patent risk is tiered _ atats | |
We generated a highly curated set of as HIGH (best patent match =80%), agamst. patent atabases an natura
top-scored binder candidates for each MEDIUM (patent hit present but repertoires to ensure sequence uniqueness and
binding site identified on the target <80%), or LOW (no qualifying freedom to operate.
proteins. A A i mABE NS patent hits). (A) Best patent match
mAb-G VL A | mAb-G VL A0 hits . . . . .
' identity per chain, with risk-zone

shading. (B) Composition of the hit
complexes sing sequence-based A vt - e wts | f@ndscape - patent-derived versus You can
X u I u - - no nics - Vi 2 ., ) .
o , ] , : , , , , , , natural repertoire hits - revealing download the
structure prediction tools to assess 40 60 80 100 0 100 200 300 400 500 both the d £ 1P ) d
interaction quality This multi-faceted Best patent match identity (%) Number of BLAST hits (=60% identity, =60% coverage) O € aegree o overiap an poster here.

approach yielded a ranklist of the top 100 . . . _ ' ' the biological precedent of each
binder candidates for each of the The figure shows exemplary results (here for antibodies) selected to illustrate the applied solution, sequernce.

4 selected binding sites. which is also applicable to other patent infringement verification contexts.

properties.
All candidates underwent rigorous screening

LOW

Through a comprehensive computational risk
evaluation, we modeled binder-target mAb-H VH [ R Feavy chain (VH) MAD-H VH 10 hit ——TT

mAb-H




