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Abstract

Physiological protein-protein interactions (PPIs) underpin diverse biological functions, encompass-

ing signaling, enzymatic activity, and immune responses. The human interactome, comprising

over 650,000 PPIs, includes transient and weak interactions as well as stable, obligate complexes.

Detailed molecular-level understanding of these interactions is crucial for designing effective mod-

ulators but remains challenging due to the limitations of conventional structural biology methods,

especially when involving disordered protein regions. This thesis addresses two distinct classes

of PPIs through computational approaches, complemented by rigorous experimental investigation

done by our collaborators.

For the first objective, this thesis reports development of a structural bioinformatics framework

for designing peptide-based therapeutics against conserved interfaces, exemplified by targeting the

RNA-dependent RNA polymerase complex in SARS-CoV-2. By identifying interface hotspots

using molecular dynamics simulations and in silico screening of a large synthetic peptide library,

candidate peptides capable of effectively disrupting the critical RdRp interactions were successfully

identified and validated. Further, the lead candidates obtained from this study were optimized

by a Markov chain Monte Carlo procedure for improved target affinity and specificity. The lead-

optimized peptides demonstrated superior in vitro activity compared to their predecessors and

showed comparable activity to an FDA-approved treatment.

For the second objective, this thesis explores therapeutic strategies for modulating PPIs involving

disordered proteins, specifically α-synuclein, an intrinsically disordered protein implicated in neu-

rodegenerative disorders. The conformational and kinetic landscape of the aggregation-prone low

molecular weight oligomers of α-synuclein were studied using structural bioinformatics and Markov

state modelling. A novel method to identify conformation-specific aggregation-prone hotspots with
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a high β-sheet secondary structure was developed to drive the docking of a large monomer ensem-

ble. Key druggable intermediates with long-lived intra- and inter-oligomer contacts were identified

for effective therapeutic intervention using Markov state modelling on all-atomistic explicit solvent

molecular dynamics data. A graph transformer neural network guided by a variational approach

for Markov processes (VAMP) was employed for the kinetic separation of the dimer ensemble

into fuzzy macrostates. Additionally, this thesis proposes a protein language model (pLM)-driven

methodology for the rapid identification of therapeutic antibodies targeting interactions between

α-synuclein’s disordered C-terminal peptide and its neuronal receptor, LAG3, crucial for preventing

pathological propagation.

Finally, the thesis covers a computational study on conformational transitions of peptides based on

the bispidine scaffold – a general class of small synthetic organic molecules with broad applications

as molecular motors.

Overall, this thesis provides comprehensive computational strategies and experimentally validated

solutions for addressing critical challenges in therapeutic modulation of diverse protein-protein

interactions.
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सार

ɟफɣजयोलॉɣजकल प्रोटʍन-प्रोटʍन इंटरैǯन (पी. पी. आई.) ɟवɢभȡ जैɟवक कायǏ को रेखांɟकत करता है, ɣजसमें ɡसग्नɭलʌग,

एजंाइमेɞटक गɟतɟवɠधऔर प्रɟतरक्षा प्रɟतɟक्रयाएं शाɠमल हैं। 650, 000 से अɠधक पीपीआई वाले मानव अंतःɟक्रयात्मक समूह में

क्षɢणक और कमजोर अंतःɟक्रयाओं के साथ-साथ ɜȸर, बाध्यकारी पɝरसर शाɠमल हैं। इन अंतःɟक्रयाओं कʏ ɟवस्तृत आणɟवक-

स्तर कʏ समझ प्रभावी मॉड्यूलेटरों को ɟडजाइन करने के ɡलए महत्वपूणर् है, लेɟकन पारंपɝरक संरचनात्मक जीव ɟवज्ञान ɟवɠधयों

कʏ सीमाओं के कारण चुनौतीपूणर् बनी हुई है, ɟवशेष रूप से जब अȭवɜȸत प्रोटʍन क्षेत्रों को शाɠमल ɟकया जाता है। यह

थीɡसस हमारे सहयोɟगयों द्वारा कʏ गई कठोर प्रयोगात्मक जांच द्वारा पूरक कȧयूटेशनल दृɠȲकोण के माध्यम से पीपीआई के दो

अलग-अलग वगǏ को संबोɠधत करता है।

पहले उदे्दश्य के ɡलए, थीɡसस संरɢक्षत इंटरफेस के ɤखलाफ पेप्टाइड-आधाɝरत ɡचɟकत्सीय ɟडजाइन के ɡलए एक संरचनात्मक

जैव सूचना ɟवज्ञान ढांचे के ɟवकास कʏ ɝरपोटर् करता है, ɣजसका उदाहरण सासर्-कोव-2 में आरएनए-ɟनभर्र आरएनए पोलीमरेज़

कॉȧलेक्स को लɢक्षत करना है। मॉɡलक्यूलर डायनाɠमक्स ɡसमुलेशन का उपयोग करके इंटरफेस हॉटȺॉट कʏ पहचान करके

और एक बड़ी ɭसʌथेɞटक पेप्टाइड लाइब्रेरी कʏ स्क्रʏɫनʌग करके, महत्वपूणर् आरडीआरपी इंटरैǯन को प्रभावी ढंग से बाɠधत करने

में सक्षम कैं ɟडडेट पेप्टाइड्स कʏ सफलतापूवर्क पहचान कʏ गई और उन्हें मान्य ɟकया गया। इसके अलावा, इस अध्ययन से

प्राप्त प्रमुख उम्मीदवारों को बेहतर लÛय आत्मीयता और ɟवɡशȲता के ɡलए माकǎव श्रृंखला मोंटे कालǎ प्रɟक्रया द्वारा अनुकूɡलत

ɟकया गया था। लीड-ऑɣप्टमाइज़्ड पेप्टाइड्स ने अपने पूवर्वɷतʌयों कʏ तुलना में बेहतर टेक्सɞटट गɟतɟवɠध का प्रदशर्न ɟकया और

एफडीए-अनुमोɞदत उपचार के ɡलए तुलनीय गɟतɟवɠध ɞदखाई।

दूसरे उदे्दश्य के ɡलए, थीɡससअȭवɜȸत प्रोटʍन, ɟवशेष रूप से α-ɡसन्यूɜक्लन, न्यूरोडीजेनेरेɞटव ɟवकारों में शाɠमल एकआंतɝरक

रूप से अȭवɜȸत प्रोटʍन से जुड़े पीपीआईको संशोɠधत करने के ɡलए ɡचɟकत्सीय रणनीɟतयों कʏ खोजकरता है। α-ɡसन्यूɜक्लन

के एकत्रीकरण-प्रवण कमआणɟवक भार वाले ऑɡलगोमसर् के संरचनात्मकऔर गɟतज पɝरदृश्य का अध्ययन संरचनात्मक जैव

सूचना ɟवज्ञान और माकǎव अवȸा मॉडɭलʌग का उपयोग करके ɟकया गया था। एक बड़े मोनोमर समूह के डॉɫकʌग को चलाने

के ɡलए एक उǴ β-पत्रक माध्यɠमक संरचना के साथ संरचना-ɟवɡशȲ एकत्रीकरण-प्रवण हॉटȺॉट कʏ पहचान करने के ɡलए

एक नई ɟवɠध ɟवकɡसत कʏ गई थी। ऑल-एटɠमɥस्टक एक्सɧप्लɡसट सॉल्वेंट मॉɡलक्यूलर डायनाɠमक्स डेटा पर माकǎव स्टेट

मॉडɭलʌग का उपयोग करके प्रभावी ɡचɟकत्सीय हस्तक्षेप के ɡलए लंबे समय तक रहने वाले इंट्रा-और इंटर-ऑɡलगोमर संपकǏ के
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साथ प्रमुख ड्रगबल इंटरमीɟडएट्स कʏ पहचान कʏ गई थी। माकǎव प्रɟक्रयाओं (वी. ए. एम. पी.) के ɡलए एक पɝरवतर्नशील

दृɠȲकोण द्वारा ɟनदǂɡशत एक ग्राफ ट्रांसफॉमर्र तंɟत्रका नेटवकर् को अȺȲ मैक्रोस्टेट में डाइमर समूह के गɟतज पृथक्करण के ɡलए

ɟनयोɣजत ɟकया गया था। इसके अɟतɝरक्त, थीɡसस α-ɡसन्यूɜक्लन के अȭवɜȸत सी-टɸमʌनल पेप्टाइड और इसके न्यूरोनल

ɝरसेप्टर, एलएजी3 के बीच बातचीत को लɢक्षत करने वाले ɡचɟकत्सीय एटंʍबॉडी कʏ तेजी से पहचान के ɡलए एक प्रोटʍन भाषा

मॉडल (पीएलएम)-संचाɡलत पद्धɟत का प्रस्ताव करता है, जो पैथोलॉɣजकल प्रसार को रोकने के ɡलए महत्वपूणर् है।

अंत में, थीɡसस में ɟबɧȺडाइन स्कैफोȪ केआधार पर पेप्टाइड्स के संरचनात्मकसंक्रमण पर एककȧयूटेशनलअध्ययन शाɠमल

है, जो छोटे ɭसʌथेɞटक काबर्ɟनक अणुओं का एक सामान्य वगर् है ɣजसका आणɟवक मोटर के रूप में ȭापक अनुप्रयोग है।

कुल ɠमलाकर, यह थीɡसस ɟवɟवध प्रोटʍन-प्रोटʍन अंतःɟक्रयाओं के ɡचɟकत्सीय मॉड्यूलेशन में महत्वपूणर् चुनौɟतयों का समाधान

करने के ɡलए ȭापक कȧयूटेशनल रणनीɟतयाँ और प्रयोगात्मक रूप से मान्य समाधान प्रदान करता है।
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3.1 Generation of peptide library from holo-RdRp subunit, viz. nsp12-nsp7,

interactions. A. Crystal structure of the tetrameric holo-RdRp (PDB ID: 6M71)

[36] in surf (transparent) and ribbon view. Individual proteins, viz. nsp7 (blue),

nsp8 (green), and nsp12 (grey), are labelled. The fingertip loop motif of nsp12 in

contact with nsp7 is highlighted (orange). B nsp12 residues involved in dominant

(hotspot) interactions with nsp7 are shown in licorice view. The residue color de-

notes its contribution to the binding hotspot area, (〈∆Ai,1〉, eq 3.3), in the central

structure of the highest population cluster obtained from a 10µs MD simulation of

holo-RdRp (Figure A.1). C Three longest stretches of sequentially contiguous bind-

ing interface residues of nsp12 in the nsp12-nsp7 subunit, referred to as (binding

interface) segments (Table A.2), are shown in ball-stick (opaque) and surf (translu-

cent) representation: residues 374-390 (segment 1), 399-418 (segment 2), and 520-522

(segment 3).The inhibitory peptide library consists either of intrasegment residues

only or intersegment residues connected by a linker amino acid sequence. . . . . . . 20
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3.2 Framework for peptide design and screening. A The template protein (nsp12)

hotspot area (〈∆Ai,c〉) in the nsp12-nsp7 complex captured by a peptide (AS,c) made

from nsp12 binding interface segment(s), is plotted against designed peptide length

(number of amino acid residues). The data is reported corresponding to three largest

population clusters (Table A.1) of the dimeric nsp12-nsp7 complex in 10µs MD tra-

jectory, with the mean interface area values (〈∆Ai〉) weighted by respective cluster

population fraction Pc, to give the hotspot score of residue i corresponding to a

cluster c (〈∆Ai,c〉) for peptides of length 5–20. B Nodes in top row represent 13

peptides, Si, screened on basis of and shape complementarity (Figure A.2B) to the

nsp12 origin domain. Nodes in bottom row represent set of five most stable confor-

mations, Ci
j, of each peptide i. Node Si and node Ck

j are connected if the TM-score

for any conformer of peptide i and conformer Cj is above 0.5 (Figure A.3). The mini-

mum number of unique peptides, i.e., a minimum number of top row nodes sufficient

to have at least one connection to each of the bottom row nodes, was determined

using integer linear programming (nodes and edges shown in blue). The four pep-

tides at the nodes are, P1:LKHFFFAQDG, P2:HFFFAQDGN, P3:LKHFFAQDGN,

and P4:LKHFFAQ. C Binding interface similarity measured by the cosine distance

(cos θ) of the rigid-body docked peptides in comparison to the interface of cluster

centre of the most populated cluster of nsp12-nsp7 is plotted for peptides P1 to P5.

The peptide P5:HFFFAQDGAFQ is an intersegment peptide (see text for details).

D The binding poses with the highest dot products for peptides P2 to P5 from the

rigid-body docking stage were subjected to flexible refinement followed by molecular

dynamics (MD) simulations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21



xvi

3.3 Binding interface interaction map for nsp7-nsp12 and nsp7-peptide com-

plexes. A-C Dominant PPIs of the nsp7-nsp12, nsp7:P4, and nsp7:P5 complexes

are shown, respectively. The binding interface hydrophobic contacts and the hydro-

gen bonds shown here were identified using the PLIP web tool [83] for the central

structure of the most populated cluster obtained from the MD trajectory of holo-

RdRp, nsp7:P4, and nsp7:P5 complexes, respectively. The residues involved in these

interactions are shown in stick: nsp7 (orange), nsp12 (yellow), P4 (magenta), and

P5 (cyan). Nsp7 backbone is rendered as ribbon in silver (N terminal) to black (C

terminal) gradient. D The heatmap for fraction of frames, i.e., a fraction of simula-

tion time, in which select nsp7 residues, those involved in dominant binding interface

interactions, are in contact with nsp12, P4, and P5 during the MD trajectory of

respective complexes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.4 SPR sensorgrams for serial diluted analyte concentrations. A-C The as-

sociation and dissociation phases obtained for five injections for each of the three

analytes, viz. nsp12, (R)2P4, and (R)3P5 respectively. In each case, nsp7 was

immobilized on the sensor surface and the analyte concentration in the flow buffer

was increased from 0.19µm to 3.12µm. . . . . . . . . . . . . . . . . . . . . . . . . . . 25



xvii

3.5 Inhibition of nsp7-nsp12 interaction by designed peptides and their cy-

totoxicity. A,B Inhibition of nsp12-nsp7 complexation in the presence of designed

peptides (R)2P4 and (R)3P5, respectively, is measured by a competitive ELISA.

The absorbance signal at 450 nm (reported as OD) is reported as a function of the de-

signed peptide concentration, which provides a measure of nsp7 that remains bound

to immobilized nsp12. Designed peptide:nsp12 molar concentration ratio and the

mass ratio (latter in bracket) used in each well is mentioned. Positive control refers

to a signal with no designed peptide added to the well. Data is reported as mean

+SD from three technical replicates. C The inhibition of nsp12-nsp7 complexation

is reported as a ratio of the measured inhibitory response (R) at a given peptide

concentration to the maximum observed response (Rmax) (calculated using OD data

in A, B. See SI Section A.9). Inhibitory response in presence of (R)2P4 is fit to

Hill’s equation using a Hill’s coefficient (n) of 2 (solid line), yielding an IC50 of 25µm

(SI eq A.1). D The cellular viability of the Vero E6 cell lines was performed using

an MTT assay in triplicates to measure the cytotoxicity after 48 h up to a maximum

peptide concentration of 100µm. The cells were cultured in DMEM with 10 % FBS

medium. Control refers to case with no added peptide. . . . . . . . . . . . . . . . . . 30

4.1 Computational optimization of existing binders to nonstructural protein

7 (nsp7) of SARS-CoV-2 RNA-dependent RNA polymerase (RdRp). A

In silico peptide binder optimization protocol based on a Markov chain Monte Carlo

procedure starting with a docked peptide-protein docked pose. The peptide under-

goes several iterations of alternating small-scale backbone perturbations and side-

chain packing guided by the binding affinity. B The docked pose of nsp7 (in green)

with the peptide P4 (in gray) was used for in silico affinity maturation to give high

affinity binders. Peptide P4O1 (highlighted in oragne), a P4 optimized peptide is

overlaid on the P4-nsp7 complex. A transparent surface representation of the pro-

teins is overlaid on the respective backbone cartoons. The side-chains of the peptides

are displayed in a bond-stick representation. . . . . . . . . . . . . . . . . . . . . . . . 44



xviii

4.2 In silico evaluation of the Tat-2 optimized peptide binders. A Top five

predictions of the AF2 multimer predictions of the TAT-2 conjugated optimized

peptide (P4O1) with nsp7. TAT-2 is coloured in silver. B. Nsp7 residues in contact

with the optimized peptides are compared to the contacts made by nsp12, quantified

by cos θ. AF2 multimer predictions with the highest cos θ were simulated in expilicit

solvent and the cos θ is calculated over a 1000 ns trajectory. C,D Visual depiction

of key nsp7 (chain A) and peptide (chain B) residues at the interface. The thickness

of the bands represents the long-lived contacts over the 1µs molecular dynamics

trajectory for peptides P4O1 (EDHFLQFY) and P4O2 (EDHFIKYY) respectively. . . . . 47

4.3 Evaluation of the inhibitory activity of the optimized peptides. A The

antiviral activity of the optimized peptides was measured by the % of nucleocapsid-

positive cells compared to the original nuclei using confocal microscopy. Staining was

performed with Anti-SARS-CoV-2 antibodies and Hoechst. B Analysis of the uptake

of the FITC labelled optimized peptides by HeLa cells by flourescence microscopy

at two concentrations (5µM and 10µM) after 30 min. C. Cytotoxic effects of the

optimized peptides was measured by the viability of the % VeroE6 cells using Hoechst

33342 and Sytox orange dyes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
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5.1 Sampling of alternate backbone conformations and comparison of CDR

backbone RMSDs of short apo trajectories simulated at different temper-

atures to the microstates derived for G6 Fab from Fernández-Quintero et

al. [145]. A The heatmap depicts the minimum backbone RMSD of CDR L2 of

apo G6 (binds to VEGF) simulated at different temperatures for 50 ns to microstates

derived from a Markov-state model (MSM) analysis on a 18.9µs long aggregate sim-

ulation. Plots for the remaining CDRs are shown in Figure B.2 .B The CDR L2

RMSDs of the cluster centers derived from clustering a 50 ns trajectory using a cutoff

of 2.5 on the backbone with respect to the MSM microstates are compared to a 10 ns

trajectory but using a stringent cutoff of 1.5 . Both trajectories were simulated at

450 K. C A solution state ensemble of the apo Fv antibody clustered from a 10 ns

trajectory simulated at 450 K used for docking to α-Synuclein (αS) and subsequent
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5.2 Contact similarity of the docked LAG3-αS complexes to NMR determined

contacts. Docking simulations were performed for LAG3 Domain 1 and the C-

terminal residues of αS using the NMR derived contacts as restraints from Zhang

et. al. [26, 27]. The fraction of contacts common between NMR and the docked

poses is plotted for LAG3 and αS. Each point represents a docked pose whose size
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5.3 Ensembles of αS and Fv region of the antibody. A. A matrix of the backbone
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5.4 Paratope redesign of the Fv antibodies in the holo state. A The docked

poses of the Fv antibody and αS obtained after clustering using a fraction of com-

mon contacts (FCC) criteria of 0.6 are used as an input to RosettaAntibodyDesign

(RAbD) for improving the binding energy by modification of the paratope residues.

The rosetta energies of the complex (Gcomplex) plotted against the binding energies

(∆G) are shown. The starting docked structures are depicted with a ! and the com-

plexes derived from each docked pose are colored accordingly. B A depiction of the

conformational changes of the CDRs upon paratope redesign. The docked complex

is colored in green and the affinity matured complex is colored in blue. The antigen
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5.5 Model architectures and evaluation of the model predictions for the ∆G

of Fv-αS binding. A Fixed-length embeddings from the ESM-2 (150 M) language

model are used as an input to a feed forward network. This model is abbreviated with

ESM2 MLP.B For training the ESM2 FT model, the ESM-2 (150M) architecture

is fine-tuned with the sequences of antibodies generated via the RAbD pipeline to

generate contextual embeddings. C The spearman correlation coefficients (ρ) for the

binding affinity predictions on the test sets are shown for the ESM2 MLP and the

ESM2 FT models. D The distribution (in blue) of the best 100 ∆G predictions from

the ESM2 FT model compared against all the scores of all their sister sequences in
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5.6 Model architectures and evaluation of the predictions of ∆G of Fv-αS

binding for out-of-training-distribution antibody sequence (<20% CDR

identity). A The neural network architecture for the the Model Extension (ESM2

ME) network is depicted. The sequence embeddings generated per-residue are re-

learnt by the transformer encoder architecture before generating a fixed-length em-

bedding to predict the binding energies (∆G). B For the training-test split with low

CDR sequence identity (<20%), the spearman ρ is compared for different model

embeddings and architectures. C The model-wise precision of the top 100 predicted

sequences compared against different train-test split ratios based on the % CDR

sequence identity evaluated for all the models depicted in Figure 5.5C and 5.6B. . . 70

6.1 Identification of aggregation-prone hotspots on the monomers of α-synuclein.
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derived tesellation of solvent-exposed 4-mer β-like residue fragments of the monomer
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with a β secondary structure are plotted in blue, while those also with a tendency to

form a β secondary structure are depicted in orange. Residues with a nucleating ten-
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of αS (in cyan are green). These patches are used to drive the docking of monomers

into dimers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76



xxii
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scores of the explicit solvent refined docked poses to alleviate the need to perform

a full scale docking run for every pair of monomers. We obtain a spearman-rank
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the rescaled scores from one such representative ensemble. B We generate over 50
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poses for initiating molecular dynamics simulations. C An visual representation of
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6.3 Markov State Model analysis of the dimeric landscape of αS. A. A network

plot of a six state Markov state model obtained from probabilistic state assignments

of a Graph Transformer based VAMPNet model trained on 200µs of MD trajectory
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second chain.C,D The MSM derived state-wise β secondary structure content and

the dimer interface contacts are depicted. The dashed line are the values obtained

on simulating a proto-fibrillar assembly of αS (PDB ID: 2N0A). . . . . . . . . . . . . 80
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scaffold is at the middle. Control compound F5 with 1,3 diaminopropane spacer

instead of bispidine and F6 with bispidine placed at the terminal. . . . . . . . . . . . 93

7.4 (a) Solution structure of F3 in chloroform obtained from MD simulation (intramolec-

ular C−H···O bond between Leu carbonyl and bispidine equatorial hydrogen is

shown by a dashed red line). (b) Density plot of the population (fraction f reported
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the characteristic β-strand region (ϕ ∼ −140◦, ψ ∼ 130◦) is seen for all residues
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C1-C9 (dashed green) in F3, C54-N31-C29-C34 (solid brown) and N31-C29-C34-C39

(dashed brown) in F6. (d) A representative snapshot showing the main chain ψ di-

hedral of leucine, and the C−H···O bond between bispidine equatorial hydrogen

(atom 77) and leucine carbonyl oxygen (atom 24) in F3. (e and f) Overlay of cen-

tral structures of five most populated clusters of F7 and F3, respectively (cluster

population in Table S9†) obtained from equilibrium portion of MD trajectory using

gromos algorithm with a backbone root mean squared deviation (RMSD) cut-off of
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7.6 Free energy surface for the syn-anti transition from weighted ensemble

(WE) simulations. The Leu–bispidine peptide bond (in D3 and D5) torsional

angles from each arm, ω1 (O30-C2-N31-C19) and ω2 (O29-C3-N23-C1), were chosen

as the progress coordinates (nomenclature in Figure D.10). (a and b) Free energy

profiles for D3 and D5 in chloroform at 328K after a molecular time of 2.5 ns (total

simulation time: 6 µs for D3 and 5.8 µs for D5), respectively. The two syn (syn,

syn’) and anti (anti, anti’) states are shown in Figure D.12. WE simulation was run

in an equilibrium set-up and a steady state is reached after a molecular time of 1 ns. 98
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7.7 The syn→anti-transition in D5 in the ω-ψ torsional angle space of the

L-Leu arm. (a) The ψ torsion angle distribution of parent trajectories (trajectory

up to but excluding the transition) of walkers that successfully transition to the anti-

state from the syn state as obtained from the WE set 2. (b) The ψ torsion angle

distribution for trajectories that start from -100°<ψ<10° (blue) and 60°<ψ<200°

(red) regions. (c) The free energy surface (FES) in the ω-ψ (of L-Leu) space as

obtained from well-tempered metadynamics simulations. The colour scale and con-

tours represent increments of 5kBT and 10 kBT, respectively. (d) A schematic of

proposed pathway for the syn-β→ anti-β isomerization in D5 involving ω and ψ as

two reaction coordinates. All simulations were run at 328 K with D5 solvated in
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8.1 Computational Design and in vitro screening of LAG3 binder antagonists.

A Visual representation of the disordered nature of the C-terminal peptide of αS

(residues 118-140) from the full-length proto-fibrillar assembly (PDB ID: 2N0A). B

The disordered C-terminus of α-Synuclein (αS) is docked to its neuronal-cell surface

receptor (LAG3) using NMR-derived contact residues as restraints. The fraction

of contacts made by the docked poses are compared to the experimental values.

The size denotes the binding free energy (larger is better) and the shade represents

the cluster population (darker is populated). C Partial diffusion of 30 steps was

performed to design the backbone of the inhibitors starting from the top docked

poses identified in the previous step. D 49 anti-LAG3 inhibtors passing AF2 derived

metrics were validated by molecular dynamics. The ∆G of binding is calculated by

the MM/PBSA-IE method on a 100 ns trajectory. The binding affinity of the C-

terminus αS (MM/PBSA-IE) with L3D1 is highlighted as red band. E Visualization

of one of the best performing designed anti-LAG3 binders (in orange) bound to

LAG3 (in gray). F BLI binding curves for a subset of the experimentally validated

binders show affinity in the pM-nM range. . . . . . . . . . . . . . . . . . . . . . . . . 105
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A.1 Residue-wise hotspot scores of nsp12. Hotspot scores (〈Ai,c〉) of nsp12 residues

averaged over the most populated cluster (c = 1) of the MD trajectory are shown

in the figure. The per-residue hotspot score is calculated by weighting the fractional

population of the cluster Pc with the residue area participating in binding with nsp7

(∆A) as given in eq 3 (main text). The hotspot scores are visualized on the nsp12’s

interface with nsp7 in Figure 1B (main text). . . . . . . . . . . . . . . . . . . . . . . 116

A.2 Peptide sequence scores and conformational assessment. A Cumulative

hotspot scores of intrasegment peptide sequences captured from the origin domain’s

(nsp12) hotspot (AS,c) is plotted for the best 50 peptides sorted descendingly. The

hotspot score of a peptide is the sum of the hotspot scores of individual residues that

make up a sequence as given in eq 4 (main text). The coloured sequences possess a

length of 8-12 amino acids and were shortlisted for further calculations. The confor-

mations of the sequences coloured in green show a similar backbone fold (backbone

RMSD < 0.35 nm) as their origin domain (in Figure A.2B). These sequences are

renamed as S1-S13 before integer linear programming (ILP) optimisation. Four

intrasegment peptides P1-P4 obtained from ILP and labelled. B Backbone confor-

mational similarity (RMSD) of the five lowest energy conformations of the peptide

intrasegment sequences (I1-I23) and two intersegment sequences (M1-M2) with the

origin domain (nsp12). The peptide conformations for each of the sequences coloured

in Figure A.2A were generated from PEPFOLD server. These conformations were

tested if they folded into the backbone conformation of the origin domain (nsp12).

We applied an RMSD check of 0.35 nm to evaluate the backbone similarity. . . . . . 117
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A.3 TM-score relationships between peptide sequences and generated confor-

mations. Binary relationships between a peptide sequence and all conformations

are shown. TM-scores were computed between all five conformations of peptides S1-

S13 (Figure A.2). A sequence to conformation relationship is encoded with 1 if any

of the five conformations generated from the sequence have a TM-score greater than

0.5 with a given conformation. This matrix was used as an input for integer linear

optimisation of the peptide sequence and structural similarity (Figure 2B, Methods
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C.1 Structure Alphabet determination and clustering of spatially close frag-
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