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Protein function is often discussed from the perspective of a single representative struc-
ture. This static view has led to the development of experimental structure determination tech-
niques, including X-ray crystallography, NMR spectroscopy, and cryo-EM, and has also shaped
the development of the highly accurate structure-prediction methods such as AlphaFold2 (AF2).
However, proteins are dynamic molecules, and their biological functions are governed by confor-
mational ensembles composed of interconverting metastable states. This ensemble perspective
is especially important in drug discovery and immunotherapy, where ligand binding, receptor
engagement, and downstream signaling can depend on those rare or transient conformations that
are not apparent from a single structure. Therefore, a key challenge is to develop computational
methods that can start from sequence, generate relevant conformational diversity, assign thermo-

dynamic weights to the generated states, and connect these ensembles to biological function.



To address this, in this thesis, I develop and apply computational approaches that bridge
Artificial Intelligence(Al)-based structure prediction with physics-based sampling and reweight-
ing. First, I investigated how stochasticity can be introduced into AF2 through reduced mul-
tiple sequence alignment(MSA) approach, showing that AF2-generated ensembles can provide
useful structural hypotheses but do not directly encode thermodynamic or Boltzmann weights.
To this end, I developed AlphaFold2-RAVE (AF2-RAVE), a framework that combines AF2-
derived structural diversity with Al-augmented enhanced sampling molecular dynamics to ob-
tain thermodynamically ranked conformational ensembles. I apply AF2-RAVE to systems in-
volving rotameric metastability, missense mutations, G-protein-coupled receptor motions, kinase
DFG-loop and activation-loop conformational changes, and calcium-bound S100 homodimers.
Together, these applications demonstrate that the post hoc integration of physics-based meth-
ods with generative-Al methods provides a framework that leverages the strengths of both ap-
proaches. Specifically, I show that AF2-RAVE type methods can use the conformational selec-
tion hypothesis to generate druggable metastable states for structure-based drug discovery in a
computationally efficient manner.

I then extend the ensemble perspective to immunotherapy. I apply AF2-RAVE-based ideas
to evaluate T-cell receptor - peptideMHC complexes generated by cofolding models. I also ex-
tend this approach to model the synaptic cleft formed by CAR T cells and develop a theory for
CAR T-cell responsiveness based on the canonical T-cell immunological synapse. Finally, I de-
velop a protocol that fits Al-generated structural ensembles to the Langevin Equation for Protein
Dynamics (LE4PD), allowing residue-level relaxation timescales to be inferred from AF2 and
other generative Al methods.

Overall, this thesis develops a “sequence—ensemble—function” framework for biomolecular



modeling. By combining generative Al, molecular dynamics, enhanced sampling, and coarse-
grained dynamical models, the work presented here moves beyond static structure prediction
toward a more complete description of protein function. This framework led to the development
and application of several methods, including reduced-MSA approach for AF2, AF2-RAVE and
its variants, CAR-BOOST, and an LE4PD-based approach for assigning dynamical information

to Al-generated structural ensembles.
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inter (blue), and DFG-out (green) states shown in two views and superimposed
on the same structure. . . . . . . . . . . ... e e
Populations of active, inactive, and the known transition state, referred to as the
“DFG-up” or “DFG-inter” state, for wild type and mutants D671N, Y755A, and
Y759A. a) Populations obtained through reduced-MSA AF2, combining MSA
depths 8 and 16. b) Populations obtained using my AF2-RAVE protocol. I clearly
observe that AF2 alone is unable to distinguish between wild type and mutants,
and in particular gives the wrong order of stability for the mutants. In contrast,
AF2-RAVE is able to identify the reversal in stability upon point mutation and
gives more thermodynamically representative populations for these states, in ex-
cellent agreement with benchmark calculations performed by Hanson et al. [4]
using unbiased MD simulations. . . . . . ... .. L L Lo
An example trajectory for the DFG-out to DFG-in transition obtained using AF2-
RAVE, with residues D (in red), F (in purple), and G (in blue). See Code Avail-
ability for details of an example video showing the transition. . . . . . . ... ..

A schematic of the AF2-RAVE Glide workflow: (i) decoy structures generated
by reduced MSA AF2, (ii) regular space clustering and unbiased MD simulations
starting from cluster centers, (iii) State Predictive Information Bottleneck model
(SPIB, a RAVE variant) to learn reaction coordinates from unbiased MD, (iv)
enhanced sampling runs to calculate free energy landscape, (v) distinguish holo-
like structures from decoys in metastable states based on Boltzmann rank and
conduct Glide or Induced-fit Docking (IFD) on holo-like structures for ligands
targeting metastable states. (iv’) and (v’): the decoy structure set and the learnt
SPIB coordinates are transferable to homologous systems. . . . . ... ... ..
A)The NMR (Nuclear Magnetic Resonance) structures of Abll kinase overlay,
comparing the activation loop (A-loop) in the active DFG-in state (red, PDB:
6XR6) with the classical DFG-out state (blue, PDB: 6XRG). Type I inhibitors
target the active DFG-in state, where the DFG motif adopting the DFG-in con-
figuration and the A-loop adopting the “extended” configuration, while type II
inhibitors target the classical DFG-out state, where the DFG motif adopting the
DFG-out configuration and the A-loop is “folded”. The distance between CB
atoms of residue N98 (grey bead) and residue R162 (red/blue bead) in Abl1 ki-
nase serves as an order parameter here to illustrate the location of the A-loop.
The dashed black block emphasizes the different configurations of the DFG mo-
tif in this two states. B) The Dunbrack definition for DFG motif configuration
is employed here. The Dunbrack space is delineated by two order parameters:
D1=dist(F158-CZ, M66-CA), D2=dist(F158-CZ, K47-CA). C) or D) The dock-
ing poses with the lowest ligand RMSD for 4 known kinase inhibitors targeting
the Abll or DDRI1 kinase AF2 structure, generated by Glide XP. Co-crystallized
structures are shown as light-cyan cartoons (proteins), green sticks (ligand) and
magenta sticks (DFG motif). Docking poses are shown as light-gray cartoons
(proteins), gray sticks (ligand) and blue sticks (DFG motif). Comparing with type
I inhibitors, AF2 structures of protein kinases fail to dock with type II inhibitors.
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53

54

5.5

A) Upper panel: distribution of A-loop location for the reduced MSA AF2 struc-
tures of Abll kinase. 4 out of 1198 structures are A-loop folded. Lower panel:
k-means clustering of 4 A-loop folded Abll structures in Dunbrack space, with
the number of clusters (n cluster) set to 2. The structures in the cluster closest to
the classical DFG-out state (red circles) fail to dock with type II inhibitors using
induced-fit docking (IFD). B) Upper panel: distribution of A-loop location for
the reduced MSA AF2 structures of DDR1 kinase. 124 out of 1147 structures
are A-loop folded. Lower panel: k-means clustering of 124 A-loop folded DDR1
structures in Dunbrack space, with n cluster set to 5. Among the 15 structures
in the cluster closest to the classical DFG-out state (red circles), one structure
(“holo-model”, highlighted by a red circle filled with green) demonstrates suc-
cessful docking with type II inhibitors, showcasing a ligand RMSD < 2 A, uti-
lizing IFD or an extended-sampling version of IFD, IFD-trim. C) The docking
poses with the lowest ligand RMSD for 2 type II kinase inhibitors targeting the
DDR1 kinase “holo-model” structure, generated by IFD or IFD-trim. The color
codeisthesameas Fig. 5.2. . . . . . ... ... ... ... .. .. ...
A or B) The unbiased MD trajectories of DDRI1 are projected onto the learnt
SPIB latent space. In plot A), the colors of sample points represent the A-loop
location, while in plot B), they depict the Dunbrack DFG state. The first SPIB
coordinate, oy, correlates with the A-loop location, and the second SPIB coordi-
nate, o9, correlates with configuration of the DFG motif. C) The reduced MSA
AF2 structures of DDR1 are projected onto the latent space. Sample points are
color-coded based on the A-loop location. Light green stars highlight the 15 clas-
sical DFG-out structures selected based on prior information in Fig. 5.3. D) Free
energy profile in the A-loop folded region of the latent space, calculated from
umbrella sampling simulations. The 15 classical DFG-out structures from re-
duced MSA AF2 are shown as red cross and circles (structures with free energy
less than 1 kJ/mol). The “holo-model” structure is emphasized using a red cir-
cle filled with red. The embedding table shows the lowest ligand RMSD in IFD
poses of the IMSA AF2 structure with ponatinib. The “holo-model” is among the
2 structures selected by AF2-RAVE (PMF < 1kJ/mol). . . . . . ... ... ...
A) The reduced MSA AF?2 structures of Abll are projected onto the latent space.
Sample points are color-coded based on the A-loop location. Light green stars
highlight the 30 AF2-template Abl1 structures modelled from the 15 DDRI1 clas-
sical DFG-out structures. B) Upper panel: the distribution of ligand RMSD for
the IFD poses of Abll structures and two type II ligands. Lower panel: IFD
poses with the lowest ligand RMSD for Abll AF2-template structures and two
type II ligands. The color code is the same as Fig. 5.2. C) Free energy profile
in the latent space, calculated from unbiased MD simulations. The 30 Abl1 clas-
sical DFG-out structures from AF2-template are shown as red cross and circles
(structures with free energy less than 1 kJ/mol). The “holo-model” structures are
emphasized using red circles filled with red. D) The table shows the lowest ligand
RMSD in IFD poses of the AF2-template structures with two type II inhibitors.
All the four “holo-models” are among the 8 structures selected by AF2-RAVE
(PMF < 1kJ/mol). . . . ... .
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6.1

6.2

6.3

6.4

The hierarchical AF2-RAVE funnel for generating holo-like structures in metastable

states. A) A diverse protein structural ensemble is generated from the sequence
using reduced MSA AlphaFold2 (rAF2). B) Short unbiased MD simulations are
performed, initiated from cluster centers identified in the rAF2 ensemble. C) Di-
mensionality reduction is applied to the MD trajectories (denoted trajs above) us-
ing the SPIB model[5] with different descriptors and timescales to decouple back-
bone motions from pocket side-chain dynamics. Guided by free-energy surfaces
in both the global SPIB latent space and the pocket SPIB latent space, structures
from AF2-based methods are further generated, refined, and selected. The final
AF2-RAVE structure set consists of diverse, metastable, holo-like conformations.
Free-energy surfaces for Ca?t-S100B (A) and Ca**-S100A1 (B) in a transfer-
able global SPIB latent space. Two major global basins are identified, reflecting
the breathing of the hydrophobic pocket of calcium-bound S100 proteins. Rep-
resentative structures from unbiased MD for both basins and both C'a®*T-S100
systems are depicted in gray, with only one monomer shown for clarity. The
projections of AF2 structures (red crosses) and experimentally determined holo
structures (stars) indicate that these structures all reside within basin I, the na-
tive global basin. For Ca®t-S100B, experimentally determined holo structures
includes 24 published XRD structures in PDB (denoted as PDB24, projected
as white stars) and 2 unpublished XRD structures with inhibitor SBi5345 or
SBi5369 (projected as blue and orange stars). For Ca®>t-S100A1, two peptide-
bound holo NMR structural ensembles were projected as blue and orange stars.
Free-energy surfaces for Ca®*-S100B (A) and Ca?T-S100A1 (B) within their
native global basins, represented in the local/pocket SPIB latent spaces. The left
panel illustrates the most dominant features (whose weights are larger than 0.5
maximum weights) contributing to the learned SPIB coordinates, o*,0. The
color and width of the dashed lines indicate the sign and absolute magnitude of
the coefficients in the learned linear combination. In both systems, slow con-
formational changes are primarily associated with side-chain rotamer transitions
around the hinge loop region and the C-terminal, especially the FF-gate region.
The projection of the rAF2 ensemble (middle panel, white stars) and AF2 struc-
tures (middle panel, red crosses) onto the pocket latent space reveals poor cover-
age of possible metastable basins for side-chain configurations. Notably, the ex-
perimentally determined holo structures (right panel, all stars) fall into metastable
basins that are not well sampled by AF2-generated models. . . . . ... .. ...
A) Projection of XRD (Ca?t-S100B with SBi5345 or SBi5369, shown as red
stars), AF2 (red crosses), AF2-RAVE structure set (green circles) onto the lo-
cal/pocket free-energy surfaces for C'a*"-S100B with native global basin. B)
Ligand RMSD distribution of the Glide XP docking poses generated from the
three structure sets. The left panel corresponds to docking poses with inhibitor
SBi5345, while the right panel corresponds to inhibitor SBi5369. C) Representa-
tive docking poses with the lowest ligand RMSD for each structure set. Docking
poses (proteins in grey, ligands as grey sticks) are superimposed onto the cor-
responding X-ray holo structures (proteins in cyan, ligands as green sticks) for
COMPATISON. « . & v v v e v e i e e e e e e e e e e e e e e e e e
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6.5

7.1

7.2

7.3

8.1

8.2

8.3

8.4

8.5

A) The side-chain assignment of GLUS50 is ambiguous in the crystal structure
of Ca*"-S100B/SBi5345. B) BEDROC profiles and C) enrichment profiles for
different structural inputs. In both B) and C), the dotted black line represents
the outward-flipped orientation of GLUS50, while the solid black line denotes the
inward-flipped orientation. DockPrep favors the outward-facing conformation,
which yields lower enrichment performance compared to the inward-facing con-
formation. The light green line highlights the best-performing structure (from
Basin 4) in AF2-RAVE structure set. . . . . . . . . . . .. .. ... .. ... .. 98

Binding-pose metadynamics for complex filtering: a) Interface RMSD, used
as the biasing coordinate, plotted against simulation time for two selected ini-
tial binding poses out of 23. These two poses were selected as positive-control
(left) and negative-control (right) examples. Each time series corresponds to one
replicate. b) Conceptual representation of ¢(t) between two consecutive bias-
deposition steps. ¢) ¢(t) versus RMSD plot depicting the average bias deposited
during unbinding. d) Ranking based on the minimum value of ¢(¢). A struc-
tural comparison between the predicted peptide conformation (light violet) and
the experimental conformation (black) is shown on the right. . . . . . . ... .. 107
AF2-RAVE-selected conformations: a) SPIB latent space for the TCR-pMHC
complex. b) AF2-RAVE picked structures (2 per basin) with TCRs (silver) aligned
and fixed. . . ... 109
Validation of AF2-RAVE-selected TCR-pMHC structures against the crystal
structure: Representative structures from basin O (left) and 1 (right) are aligned
to the reference MHC (PDB: 6UK2). The top MHC-aligned structures compares
the global TCR-pMHC docking/positioning geometry, while the bottom high-

lights the interface interaction between the peptide, CDR loops and MHC. . . . . 111
The hinge region of the CD19 CAR construct regulates responsiveness to CD19°%
leukemia . . . . . . L. 130
Optimizing the CD8« hinge for increased responsiveness of tisa-cel-like and axi-
cel-like CARs to CD19"% leukemia. . . . . .. .. .. .. ............ 132
Modeling synaptic clefts generated by CAR using an AlphaFold2RAVE(AF2RAVE)-
basedmodel . . . . . ... 134
Cryo-ET links CD8« hinge—dependent synaptic distance to CD19 CAR T-cell
TESPONSIVENESS &« v v v v v v v v e e e e e e e e e e e e e e e e e e e 136
The CAR-BOOST model predicts maximally responsive hinges across multiple
CARftargets . . . . . . . o e 138
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9.1

9.2

9.3

94

Overview of our method. a) The protein sequence is input to the machine learning
architecture of choice, generating an ensemble of all-atom configurations. This
ensemble is coarse-grained at the C,, level and input to the Langevin Equation for
Protein Dynamics (LE4PD), which predicts the relaxation timescales (kinetics) of
each residues’ structural fluctuations (dynamics). b) A representative structure of
the HIV-1 protease monomer is shown, with the flap (residues 49-51) and N- and
C-termini labeled. c) Residue-dependent autocorrelation functions as a function
of MSA depth input to AF2 for the three labeled structural regions in (b). d)
Predicted relaxation time of each residue as a function of residue index for one
HIV-1 protease sequence, PDB ID: 1IEBW. . . . . . . ... .. ... ... .. ..
Estimated timescales for the relaxation kinetics of each residue for the six indi-
cated sequences of HIV-1 protease at MSA depths of a) 512, b) 64, and ¢) 8. Each
sequence variant label on the right-hand side of the plot is printed with the same
color as its integrated timescale curve. . . . . . .. ... .. L ..
Measuring the volume of the space of the slow dynamics spanned by the Al-
phaFold2 conformational ensembles. a) AlphaFold2-generated ensemble pro-
jected onto the free-energy surface spanned by the two slowest LE4PD modes
parameterized by a one microsecond MD simulation of the HIV-1 protease se-
quence encoded by PDB ID: 1EBW. b) Comparing the relative variance in the
space spanned by the two slowest LE4PD modes of the AlphaFold2-generated
ensembles compared to the one-microsecond MD simulation. I also show in the
bottom plot what fraction of structures generated by AlphaFold2 at the indicated
MSA depth are outside the support of the one-microsecond dynamics. . . . . . .
Reporting the timescales measured by AlphaFold2 conformational ensembles
generated using different MSA depths. a) Percent of each residue’s ACF best
measured by each of the reported MSAs at three different timescales : 10, 100,
and 1000 ns. Colored circles denote the average across sequences at each MSA
while grey circle denote the result for each sequence individually. b) Scatter plot
and linear fits (colored, dashed lines) of the average integrated correlation time
from the reference MD simulations (7,,, MD sim.) and the LE4PD theory pa-
rameterized using the AlphaFold2 conformational ensembles at the given MSA
depth (7. TMSA AF2). Reported are the correlation times from MD and Al-
phaFold2 for the HIV-1 protease sequence encoded in PDB ID: 1IEBW at the
1000 ns timescale. c¢) Pearson correlation coefficient between the timescales re-
ported in b), but for all six HIV-1 protease sequences studied here and for all
three timescales (10, 100, and 1000 ns). Also reported in the second column are
the slopes of the linear regression of 7,,, MD sim. onto 7,, TMSA AF2 for all
six sequences (1Q9P, 2PCO, 3TTP, IEBW, 4Z4X, 6P9A) and all three timescales
(10, 100, and 1000 nS). . . . . . o o i e
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9.5

9.6

9.7

Effect of out-of-set structure removal on the predicted dynamics. All comparisons
to MD are performed at the 1000 ns timescale. a) Root-mean-square fluctuations
along the alpha-carbons predicted from the one microsecond MD simulation of
HIV-1 protease with the sequence encoded by PDB ID: IEBW (black) compared
to the AlphaFold2 ensemble generated using an MSA depth of 8 and starting from
the same sequence with (red, solid) and without (red, dashed) out-of-set structures
in the ensemble input to the LE4PD theory. b) Correlation between the integrated
correlation timescale predicted with the entire AlphaFold2 ensemble (7 ) and
the ensemble with out-of-set structures removed (7., ML (filtered) for all six
sequences. The points are colored by the sequence given in the subplot’s legend.
c) Integrated timescales for IEBW 7,,, from the LE4PD theory parameterized
using the AF2 ensemble generated using an MSA depth of 8 with (blue) and
without (red) out-of-set structures included in the ensemble. Including the data
points from all six sequences, the Pearson correlation coefficient between the
timescales calculated from the ensembles with and without out-of-set structures
1SO912. . o o
Measuring the volume of the space of the slow dynamics spanned by the AF2
conformational ensembles and other competing generative ML methods. a) Free-
energy surface spanned by the two slowest LE4PD modes calculated from a one
microsecond MD simulation of HIV-1 protease encoded by the sequence PDB
ID: 1TEBW. Projected onto the surface are the samples from AFc, BioEmu, and
AF?2 at different MSA depth. b) The relative variance of the two slowest LE4PD
modes spanned by ensembles calculated using the same set of methods as in
(a) for the six HIV-1 protease sequences. Also plotted in the bottom row is the
fraction of out-of-set structures generated using each method. DiG results are
omitted because they span a nearly negligible volume in this space, so the relative
variance is not visible on the scale provided and none of the structures are outside
the support of the one microsecond simulation. . . . . . ... ... .......
Reporting the timescales measured by alternative generative MLL methods com-
pared to AlphaFold2. a) Percent of residue ACFs best explained by generative
ML methods for the HIV-1 protease sequence encoded by PDB ID: 1QO9P at the
10, 100, and 1000 ns timescales. Colored circles denote the average across se-
quences at each MSA while grey circle denote the result for each sequence indi-
vidually. b) Correlation between the timescales(7,y,) calculated from the ACFs
from the one microsecond MD simulation and those calculated using the indi-
cated ML ensembles input to the LE4PD theory. Dashed lines shown the best fit
linear model to the data. c) Pearson correlation coefficients between the MD and
ML integrated timescales for the three methods presented in (b) at the 10, 100,
and 1000 ns timescales for the six HIV-1 protease sequences investigated here.
Shown in the second column is the fit to the linear regression shown of 7,,, MD
sim. onto 7,y ML. The units for both 7, MD sim. and 7, ML are ps. . . . ..
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9.8

10.1
Al

B.1

B.2

B.3

Applying my protocol for wildtype (1IHHP) and a mutant (3UF3) HIV-1 pro-
tease dimer using AFmultimer. a) Projection of AFmultimer structures onto the
free-energy surfaces spanned by the two slowest LE4APD modes predicted from
a microsecond simulation started after equilibration of the structure deposited
under PDB ID: 1HHP (left) or PDB ID: 3UF3 (right). b) Time correlation func-
tions either calculated from MD (black curves) for the ‘ear’ and flap residues in
1HHP (top panels) or 3UF3 (bottom panels). ¢) The same time correlation as in
b), but with the predictions from the AFmultimer ensembles calculated using the
reduced ensemble remaining after removing out-of-set structures. d) Compari-
son between ACFs from MD and my protocol for both pre- and post- removal of
out-of-set structures from AFmultimer. . . . . . .. ... ... o000

A summary picture of thisthesis . . . . . ... ... .. L L oo

Evoformer layer-wise analysis was performed for three distinct protein systems:
BPTI, a protein containing multiple cysteine residues; RfaH, a fold-switching
protein; and the Abll protein kinase domain, a large multidomain protein. The
Frobenius norm was calculated between the pair representation at each Evoformer
layer and the final pair representation. Each curve corresponds to the representa-
tion before or after the triangle attention/update operation. For all three proteins,
the profiles show a two-step transition, with one transition near layer ~8 and an-
other near layer ~46. This suggests that the final few Evoformer layers undergo
a sharp transition toward the final prediction. However, a larger-scale study is re-
quired to make a more general statement. Such information may eventually help
guide improved fine-tuning strategies for AF2-like models. . . . . . .. ... ..

Reduced-MSA AF2 structures projected on SPIB obtained from AF2-RAVE,
used to compute average pLDDT scores. We use structures that do not overlap
with regions we sample to compute these scores. . . . . . ... ... ... ...
Representative structures for the six metastable states in Trp8 orientations for
cold shock protein 1HZB, with Trp8 highlighted in purple. . . . . ... ... ..
PMFs along sidechain angles of the Trp8 residue which exhibits six metastable
states. In (a) we show calculations from 20 ns long unbiased trajectory initial-
ized from XRD structure. In (b) we show results of metadynamics performed on
sidechain angles of the Trp8 residue. In (c) we show results from metadynam-
ics performed using information bottleneck obtained without a priori knowledge
of Trp8 metastability. Finally, in (d) we show a results from using our protocol
without reduced-MSA AF2 inputs, learning a bottleneck with only the crystal
structure initialized unbiased trajectory as an input. Colorbars for all 4 figures are
shown with energies in units of kcal/mol. . . . . .. ... ... ... ... ...
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B.4

B.5

B.6

B.7

C.1

C2

C3

C4

C5

Ergodicity enhancement in CSP residues. To examine the improvement in sam-

pling of sidechain configurations, we compute the volume sampled in x spaces

for each residue and plot this for metadynamics performed by (i) directly biasing

the sidechain dihedrals ; and x2 of the Trp8 sidechains (purple) and (ii) biasing

along the information bottleneck our methodology obtains (green). Both volumes

are normalized by volume sampled by unbiased trajectories of the same length. . 183
The variation (represented by a periodic colormap) of some carefully chosen
sidechain angles in our trajectory plotted on the SPIB coordinates. We see that

the states are detecting rotameric transitions in several residues aside from Trp8
aswell. . . L 184
PMFs plotted on Q value-RMSD space to represent global structural changes
found by AF2-RAVE for a) L355A and b) WT. Here, for reference structure, we

use an equilibrated structure from classical AlphaFold2. . . . . . ... ... ... 185
Fractional helicity for L355A and WT reweighted by metadynamics time-independent
weights[6] : a) residues from the full protein structure, b), ¢), d) residues belong-

ing to helix1 (H1), helix2 (H2) and helix3 (H3), respectively. Helices are defined

by structure in the protein’s wild type native fold. . . . . .. ... ... ... .. 186

a) Visualization of input CVs for SPIB in red dashed lines, detailed visualization
of the CVs in b)-e) in black lines. b) CVs corresponding to the A-loop distance
with N lobe a/C helix and C lobe N173[7], ¢) CVs used for Dunbrack classifica-
tion of DFG in/inter/out conformations that primarily focus on distances between
DFG Phe and the conserved salt bridge between K57 and E74 present in the N
lobe[8], d) CVs corresponding to A-loop DFG motif distances with to N lobe aC
helix and C lobe R172. These CVs also represent the dissociation of the con-
served salt bridge by including the salt bridge distance, as in c), and the structural
integrity of the P-loop. €) CVs corresponding to A-loop DFG motif distance with
Nlobe aChelixand £3. . . . . . . . . . . e 189
Collective variable distributions for reduced MSA AF2 structures for wild type
and mutants D671N, Y755A, and Y759A. These CVs are described in Table 1,
and represent a large number of important collective motions in the molecule. The
distributions have been plotted with offsets since these are highly overlapping and
similar, indicating that AF2 even with reduced MSA can not distinguish between
conformational stabilities of these sequences. The zero lines are marked with
dashed black lines. . . . . . . .. .. ... 190
Statistics of structural diversity obtained from AF2 reduced MSA on three ki-
nases: DDR1, Abl, and Src, showing that AF2 does not really distinguish between

them. . . . . . . L 191
Bias potential learnt from metadynamics on SPIB learnt from unbiased AF2RAVE
seeded trajectories. The potential is plotted on SPIB coordinates oo . . . . . . . 192

PMFs sampled for all four systems projected on Dunbrack co-ordinates, a) Wild
type, b) Y759A, ¢) Y755A and d) D671N. The solid lines differentiate the DFG
loop conformations. The top-left quadrant describes DFG-in, the bottom-left
quadrant describes DFG-inter, the bottom-right quadrant describes DFG-out and
the unassigned belongs to the top-right quadrant. . . . . . .. ... ... .... 193
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C.6 50ns unbiased trajectories seeded with initial structures from AlphaFold2 reduced-

MSA e 194
C.7 Visualization of free energy differences for DFG-in to -out transition in bar chart

form. . . .. 195
C.8 Visualization of the E57-K74 salt bridge forming and helix upward motion ob-

served during sampling. . . . . . . . . ... L. 195
C.9 Cryptic pocket predictions for various free energy minimum structures in DFG-in

and DFG-out conformations for wild type DDR1. . . . . ... ... ... .. .. 197
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F.1

F2

F3

F4

E5

Pipeline for enrichment test using DOCK. Known inhibitors are diluted with a
large set of property-matched random molecules in a ratio > 50:1 (50 decoys
per true inhibitor). A) AF2-RAVE allows capturing key side-chain fluctuations
needed for DOCK to make the required interactions. B) Ligands from the ZINC
database are used as decoys. C) 10 known inhibitors are used as true actives
D) DOCK is used to score these ligands to the same pocket from diverse con-
formations of each representative structure E) This test evaluates how effectively
DOCK scoring can distinguish true actives from decoys for a given structure.
The AF2-RAVE ensemble demonstrates strong performance, achieving approxi-
mately 14-fold enrichment over random selection. . . . . . . . ... ... ....
Structural quality assessment of (template) rMSA AF2 ensembles for SI00A1
(left) and S100B (right) dimers. A) Backbone C,, RMSD values of reduced MSA
AF2 ensembles generated with varying MSA depths, evaluated against the cor-
responding AF2 reference structure. B) Backbone C\, RMSD values of template
reduced MSA AF2 ensembles, using the corresponding AF2 reference structure
as a template. A 7 A RMSD filter (retaining structure below black dashed line) is
applied. C) Minimum distances for non-bonded heavy atom pairs in each struc-
ture from the template reduced MSA AF2 ensembles. A 0.7 A cutoff (retaining
structure above black dashed line) is applied to eliminate structures with steric
clashes. The x-axes correspond to the pLDDT ranking within each ensemble.
Structural variability in long MD along the full amino acid sequence of S100
proteins, using a sliding window of 12 residues. The mean and variance of Q)¢
values are represented by blue lines and error bars, respectively. The horizontal
red line indicates the cutoff threshold setat0.9. . . . ... ... ... ... ...
A) The four rigid a-helices within a single chain of the C'a®"-S100 dimer are
shown in blue. The terminal C,, atoms of each helix, used as anchors for global
feature construction, are highlighted as green spheres. Pairwise distances be-
tween these anchor atoms define the global features. Calcium ions are omitted
for visual clarity. B) Side chains of pocket residues are displayed as sticks, with
their distal atoms colored in green. Pocket features are defined by the pairwise
distances between these distal atoms. . . . . . . . .. ... Lo L.
A-B) Distributions of distances between each oxygen atom in EF-hand residues
and the corresponding C'a®* ions from NMR structures of C'a>*-S100A1 (PDB:
1ZFS, subplot A) and C'a®*"-S100B (PDB: 1IMWN, subplot B). The N-terminal
pseudo EF-hands are shown on the left and the C-terminal typical EF-hands on
the right of each panel. Those oxygen—C'a** pairs with distance distributions en-
tirely below the black dashed lines (marking the 5 A threshold) were restrained in
all the MD simulations. C) The format of the restraint potential applied to selected
oxygen—Ca?" pairs. D) The distribution of the number of unstable oxygen-C'a*"
coordinate bonds (defined as average distances >5 A, despite restrained by po-
tential in subplot C.) across 25 unbiased MD trajectories (10 for C'a?"-S100A1
and 15 for Ca®*t-S100B). Only trajectories with two or fewer unstable coordinate
bonds (to the left of the black dashed line) were retained for subsequent SPIB
analysis. . . . .. L e e e e e e
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E7 A) Projection of reduced MSA AF2 (rAF2) structures which fall into the two ma-
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tively. No reduced MSA AF2 structures fall into basin 1 of the C'a®T-S100A1
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inthatbasin. . . . . . . ... L 226

F.8 Bar plots showing the linear weights assigned to each of the 53 local features
in the learned local SPIB coordinates, on the C'a®>"-S100A1 native global basin
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set generation pipeline on the local SPIB space corresponding to the native global
basin of C'a>"=S100B: A) MD frames used as templates for AF2-template (MD
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F.10 A-B) Distribution of PLIF similarity coefficients, Tanimoto coefficient (Tc, left
panel) and McConnaughey coefficient (Mcc, right panel), for Glide XP docking
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Chapter 1: Introduction

Advances in immunotherapy and drug discovery primarily rely on understanding the bio-
logical functions of biomolecules such as globular proteins, intrinsically disordered proteins/regions
(IDPs/IDRs), nucleic acids, and various associated small molecules. Traditionally, to assess the
function of a biomolecule system, a “sequence-structure-function” paradigm was presented and
has led to the development of X-ray crystallography, nuclear magnetic resonance (NMR) spec-
troscopy, and, more recently, cryo-electron microscopy and other structural assignment experi-
mental methods. These developments have led to an astonishing 180,000 biomolecule structures
in the RCSB protein databank[9] by 2021. The accumulation of these structural data and pro-
tein sequence information led to the development of data-based tools like AlphaFold2 (AF2)[1],
RosettaFold[10], ColabFold[11], OpenFold[12], ESMFold[13], Boltz-1[14] and AlphaFold3[15]
(AF3).

However, this “sequence-structure-function” perspective is still incomplete, as biomolecules
are inherently dynamic[16, 17] and primarily function through an ensemble of structures under-
stood as representative structures with Boltzmann weights representing their probabilities(Fig.
1.1). Theoretically, it has already been discussed using simple statistical mechanics models
like spin glass systems[18, 19] and lattice models[20] to describe the ensemble perspective of

the proteins and the resultant protein folding funnel. With the increase in Artificial Intelli-



gence (Al)-based methods especially for better static protein structure prediction, the shift from
“sequence-structure-function” to “sequence-ensemble-function” is being realized in the compu-
tational molecular biophysics field. I have written a brief overview of these new approaches in-
cluding what we can learn from such ensemble predictors and where do these models are limited
in performance or in principles. My PhD thesis is primarily centered on this thermodynamically
corrected ensemble prediction and more importantly, how this approach can lead to improve im-
munotherapies and drug design. In this chapter I would like to give brief introduction to concepts
and methods that lead up to the recent structure/ensemble prediction methods. I hope this chapter

serves as a good road map to my thesis.

1.1 Conceptual Background and History of Protein Biophysics

1.1.1 Proteins as Heteropolymers and Protein Folding Problem

Proteins were not widely recognized as covalently linked polypeptides or heteropolymers
until the early twentieth century, when peptide chemistry established that they are indeed chains
of amino acids [21]. Further, the determination of the amino-acid sequence of insulin by Sanger
and coworkers strengthened this polymer view, establishing proteins as heteropolymers with spe-
cific amino-acid sequences [22, 23](primary sequence). The structural, or more physical, view
of protein molecules emerged only in the mid-twentieth century. This development was followed
by the discovery of the a-helix [24], the identification of sterically allowed regions of backbone
dihedral-angle space[25] (secondary structure), and, most importantly, the crystallographic struc-
tures of myoglobin and hemoglobin [26, 27]. These demonstrated that globular proteins possess

specific three-dimensional structures(tertiary structure).



The “Thermodynamic Hypothesis”, later proposed by Anfinsen, established the connection
between a protein’s amino-acid sequence, or primary sequence, and its biologically active “native
fold”. Anfinsen used renaturation experiments on ribonuclease A to show that this native fold
enables the protein to perform its function. He also showed that, under denaturing conditions, the
native fold is lost, forming largely inactive scrambled conformations. Thus, he proposed that the
three-dimensional native fold of a protein in its physiological milieu is the conformation with the
lowest Gibbs free energy, and that this native fold is encoded by its amino-acid sequence [28].

Together with advances in protein sequencing and crystallography, Anfinsen’s thermody-
namic hypothesis laid the foundation for the “sequence-structure-function” paradigm, in which
the primary amino-acid sequence encodes the information required to form a three-dimensional
native fold under physiological conditions, and this native fold provides the basis for function.
However, this thermodynamic hypothesis raised a question about the timescale of folding. This
problem, known as Levinthal’s paradox, argued that a random search through all accessible
conformations would require folding timescales much longer than those observed on biological
timescales [29].

Altogether, this defines the classical protein folding problem: given a linear amino-acid
sequence and a specified environment, how does the primary sequence determine its biolog-
ically active three-dimensional structure, and how does the chain reach this structure on bio-
logical timescales? This problem can be divided into three different problems [30]. The first
is the folding-code, or thermodynamic, problem: what balance of intramolecular and solvent-
mediated interactions determines the native fold or other relevant conformations? The second is
the folding-mechanism, or kinetic, problem: how are these conformations reached on biological

timescales? The third is the computational problem: can the native fold, or more generally the



relevant conformational ensemble, be predicted from sequence alone?

Levinthal’s paradox is better understood by noting that proteins are not free homopolymers
exploring an unbiased conformational space. A homopolymer can collapse into many compact
conformations with similar free energies. In contrast, natural proteins are evolved heteropoly-
mers whose sequences encode patterns of intramolecular and solvent-mediated interactions that
stabilize biologically relevant native conformations under physiological conditions [31]. Bor-
rowing ideas from spin-glass systems, Wolynes and coworkers [18] developed the principle of
minimal frustration, which suggests that the native fold has relatively low frustration because the
dominant interactions between amino acids are mutually compatible, thereby making the con-
formational space of natural proteins more funnel-like [32, 33]. Similar arguments were made
from lattice-model studies by Dill, Shakhnovich, Karplus, and others [34, 35, 36], which showed
that fast-folding sequences have a free-energy gap between the native structure and other com-
pact non-native conformations, supporting the principle of minimal frustration. Purely from a
kinetic perspective, Zwanzig et al. further showed that even a slight energetic penalty against lo-
cally unfavorable configurations drastically reduces the mean first-passage time to the native fold
from a random conformation [37]. These statistical-mechanical models shifted the view of pro-
tein folding away from an unbiased conformational search for a native fold toward a free-energy
landscape description in which folding proceeds on a rugged yet globally funneled surface bi-
ased toward the native state. In other words, the free energy decreases as the protein approaches

native-like states.
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Figure 1.1: Ensemble perspective and Boltzmann distribution. A representative free-energy profile
for a biomolecule illustrates how metastable conformational states contribute to biological function
through their Boltzmann weights. A binding partner can shift the conformational population toward a
functional state, providing a thermodynamic basis for conformational selection. This ensemble view is
central to drug discovery and immunotherapy because rare states may contain selective pockets, altered
signaling motifs, or functionally important binding geometries.

1.1.2 Metastable States and the “Sequence-Ensemble-Function” Paradigm

The folding funnel describes the free-energy separation between compact non-native or
misfolded conformations and the native state, providing intuition for addressing Levinthal’s para-
dox. However, this funnel is not perfectly smooth for a natural protein. While minimal frustra-
tion suggests that evolution selects sequences that are globally biased toward native architectures,
residual frustration among competing local interactions can roughen the landscape [31, 33]. This
ruggedness gives rise to conformational substates separated by kinetic barriers. This implies that
proteins dynamically interconvert between these substates rather than behaving as single rigid
structures [17]. These kinetic barriers appear across various timescales(Fig. 1.1a). A protein
may retain its overall native-like architecture while undergoing conformational changes across

multiple length scales and timescales. These changes can range from side-chain rotamer tran-



sitions and flexible-loop motions to binding-pocket opening and large-scale domain rearrange-
ments. When such conformational substates have finite lifetimes, they are generally referred to
as metastable states.

To define this more formally, a metastable state is a subset of conformational space in
which the system equilibrates rapidly compared with the timescale required to escape from that
subset [38, 39]. In other words, transitions among microstates within a metastable basin are fast,
whereas transitions from one metastable basin to another are comparatively slow. This definition
does not generally require a coordinate or a collective variable. However, as I will show in later
chapters, a projected free-energy landscape along a set of coordinates can reveal these metastable
states as local minima separated by barriers.

The existence of such metastable states motivates an ensemble perspective for understand-
ing protein function. A protein’s primary sequence does not simply encode a single static native
structure. Instead, together with its environment, it shapes a free-energy landscape containing
multiple metastable states with distinct populations and lifetimes. Thus, a protein can perform
its function by transitioning between these states. This motivates a shift from the traditional
“sequence-structure-function” paradigm to a “sequence-ensemble-function” paradigm, in which
biologically relevant function is determined not only by the dominant native fold but also by the

ensemble of accessible metastable conformations and their interconversion kinetics.

1.1.3 Conformational Selection Hypothesis

As hinted in the previous section, the metastable states need not be equally populated. At

equilibrium, each metastable state has a probability determined by its free energy. If the free



energy of state ¢ is GG, its equilibrium population given by

Di = W, (1.1)
J

where § = 1/kgT. These probabilities are often referred to as Boltzmann weights. A key point
to be noted here as that even conformations that are not dominant in the unbound (or apo) en-
semble can still exist as low-population metastable states. Importantly, these Boltzmann weights
are not fixed properties of the amino-acid sequence alone. They depend on the environment, in-
cluding temperature, pH, ionic strength, solvent conditions, post-translational modifications, and
the presence of binding partners. A change in environment can therefore reshape the free-energy
landscape and shift the relative populations of metastable states.

This idea leads naturally to the conformational selection hypothesis. The concept was
described in detailed by Nussinov and coworkers [40, 41, 42](Fig. 1.1b). In conformational
selection, a protein is assumed to pre-exist as an ensemble of interconverting conformational
states. A ligand or binding partner preferentially binds to one of these pre-existing states and
stabilizes it, thereby shifting the ensemble population toward that state. In this view, binding
does not necessarily create a new conformation from a single rigid structure. Instead, it selects
and stabilizes a conformation that was already present in the ensemble.

Therefore, the conformational selection hypothesis provides a direct functional interpre-
tation of the “sequence-ensemble-function” paradigm. These concepts are essentially the back-
bone of my thesis. For practical use of these concepts, in my thesis, I apply the conformational
selection hypothesis to metastable states and assume that, upon introducing a new binder, the

populations of different metastable states change, while the definitions of each metastable state



remain largely unchanged. In other words, the change in the kinetic barrier’s location is assumed
to be small. This is a crucial assumption that allows us to study a protein in detail in its apo form

and leverage the results for drug discovery or protein binders, etc(Fig. 1.1c¢).

1.2 Methods

I first provide a brief overview of static protein structure prediction methods, followed by
methods for studying protein dynamics. Since my thesis lies at the interface of bioinformatics

and biophysics, aided by Al-based models, the following methods are used throughout this work.

1.2.1 Static protein structure prediction

As a part of the protein folding problem, static structure prediction works from the “sequence-
structure-function” framework. Traditionally, the structure prediction methods can be divided
into template-based and non-template-based approaches. Template-based modeling uses experi-
mentally determined structures of related proteins. Non-template, or ab initio, modeling attempts
to predict structure without relying on a full structural template. Recent deep-learning methods
blur this boundary. In the following subsections, I will be discussing about the strutcure predic-

tion method from bioinformatics perspective alone.

Template-based modeling: homology modeling and threading

Homology modeling is based on the empirical observation that protein structure is often
more conserved than sequence. That is, while there exists a vast diversity of protein sequences,

the number of distinct native folds are comparatively less[43]. Leveraging this, for a given query



sequence a homolol with a known structure is searched for and chosen to serve a template. A
typical homology-modeling workflow contains following steps: identify suitable templates, align
the query sequence to the template sequence, build a structural model that satisfies spatial re-
straints implied by the backbone of the template, refine for the side chain rotamers and score
the resulting structural model (e.g., MODELLER)[44, 45]. This approach gives a more accurate
structural model depending in the sequence identity between the query and template sequence.
Threading, or fold recognition, extends template-based modeling to cases where sequence
similarity is weak. In this approach, a target sequence is aligned against known structural folds
and scored according to how compatible each residue is with the local structural environment of
the template [46]. This approach can 1) comment on if a query sequence can fold to a specific
fold using an energy function, and 2) by threading to a library of folds, perhaps can fid a tertiary

structure for a given seqeuence.

Ab 1nitio methods: fragment assembly and coevolution

The fragment-based ab initio methods, most notably the Rosetta framework developed by
Baker and coworkers, reduces the conformational search problem of protein folding, by assem-
bling short backbone fragments from known protein structures and scoring the resulting structural
models with knowledge-based and physics-inspired energy functions[47, 48]. The framework
also uses a bayesian score approach to pick a fragment based on local sequence similarity.

Coevolution-based approaches form another important class of ab initio methods structure
prediction methods. These methods use sequence information from a query sequence’s homolo-

gous sequences to infer residue-residue contacts that constrain the tertiary structure. I will briefly



discuss this idea in the following sections.

Coevolution, Potts models, and direct coupling analysis

Like homology modeling, coevolution-based modeling is motivated by the contrast be-
tween the number of distinct protein sequences and the comparatively limited number of dis-
tinct native folds[43]. The coevolution hypothesis suggests that three-dimensional constraints
can be inferred from correlated mutations observed across homologous sequences[49]. This
idea motivated several methods for predicting residue-residue contacts or structural constraints,
including correlated-mutation analysis, mutual-information (MI)-based approaches, and direct
coupling analysis (DCA) methods such as mean-field DCA and pseudo-likelihood maximization
DCA[S50, 51]. The key ingredient for these approaches is a multiple sequence alignment (MSA),
in which homologous sequences are aligned so that each column approximately corresponds to an
evolutionarily equivalent residue position. The performance of these methods depends strongly
on the quality and depth of the MSA: too few effective sequences provide insufficient informa-
tion to infer reliable couplings, whereas highly redundant sequences can distort the estimated
correlations.

To understand this framework, let us consider a query protein sequence of length L. The
sequence can be represented as a one-dimensional lattice of length L, where each lattice position
corresponds to a residue position. Each position ¢ can be occupied by an amino-acid state, or spin,
s;. In practice, each spin can take one of 21 possible values, corresponding to the 20 standard

amino acids and an additional gap state. Thus,

s;ie{A,C,D,E,F,G,H, I, K, L, M,N,P,Q,R,S, T,V,IW,Y, —}. (1.2)
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An MSA containing N homologous sequences can then be written as a matrix M € SV*F,
where S is the alphabet of possible spin states. Each row of this matrix corresponds to one
aligned sequence, and each column corresponds to one residue position. The rows of the MSA
can therefore be treated as samples from an evolutionary sequence distribution.

This representation naturally connects coevolution-based modeling to the Potts model. In a
maximum-entropy framework, the probability of observing an aligned sequence s = (s, So, . .., Sr.)
is written as

1 L
P(s) = — €XP Zhi(&) + Z Jij(sis85) 1, (1.3)
i=1 1<i<j<L

where h;(s;) are site-specific fields, J;;(s;, s;) are pairwise couplings between positions ¢ and j,
and Z is the normalization constant. The fields capture the conservation preferences at individual
positions, whereas the couplings capture statistical dependencies between pairs of positions. The
inverse problem is to infer the parameters h and J from the MSA such that the model reproduces
the observed sequence statistics. In this context, DCA aims to distinguish direct residue-residue
couplings from indirect correlations that arise through chains of interacting residues. The result-
ing coupling matrix J contains information about residue pairs that are often close in the tertiary
structure, commonly measured using C3—Cg contacts (or C,—C,, contacts for glycine). The first

implementation used mean-field approximations[50]; later methods improved inference through

pseudo-likelihood maximization[51].

1.2.2  Protein dynamics

“Imagine that an alien lands on Earth, hears about something called a ‘bicycle,” and wants

to understand how it works, how to ride it, and how to fix it when it breaks. Figuring this out
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given just a picture of a bicycle would be challenging. Watching a movie of someone riding a
bicycle would help. Even better, the alien would experiment with an actual bicycle—for example,
by turning a pedal and seeing how the wheels respond.” - Hollingsworth et al., 2018[52]

In this section, I introduce briefly the main computational approaches I have used to study

protein dynamics in my thesis.

Molecular Dynamics from a Statistical Mechanics Perspective

Molecular dynamics (MD) simulation is a computational method used to describe how a
molecular system evolves in time. It can also be viewed as a physics-based sampling method
that generates a sequence of time-ordered configurations. In all-atom MD, atoms are treated as

classical particles that evolve according to Newton’s equations of motion,

—5 = -VU(R), (1.4)

where m; and r; are the mass and position of atom i, respectively, U(R)) is the potential energy of
the system, and R denotes the coordinates of all atoms. The resulting trajectory, { R(0),R(At),
R(2At),. ..}, contains structural and dynamical information[53, 54, 55].

The potential energy function U(R) is defined by a molecular mechanics force field. A
force field consists of an analytical function with a set of parameters used to approximate bonded
and non-bonded interatomic interactions. These parameters are usually calibrated against quantum-
mechanical calculations and experimental data[56, 57].

In practice, an MD simulation is usually started from an initial structure R(0), which is

solvated with water molecules and ions. The equations of motion in Eq. 1.4 are then integrated
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numerically using a timestep, typically on the order of femtoseconds, so that fast bond vibrations
involving hydrogen atoms can be resolved. Thermostats and barostats are often used to con-
trol temperature and pressure, allowing simulations to sample approximate canonical (NVT') or
isothermal-isobaric (N PT') ensembles[58, 59].

From a statistical mechanics perspective, MD provides samples from an equilibrium dis-
tribution. In the canonical ensemble, the configurational probability of observing a configuration
Ris

1
P(R) — _6—5U(R)7 (1.5)

where f = 1/kgT and Z is the configurational partition function. Note that this is only the
configurational distribution as we typically integrate out the momentum degrees of freedom since
configurational/conformational changes are more interesting. If the simulation is sufficiently
long, invoking the ergodicity condition, ensemble averages can be estimated from time averages

along the trajectory. For an observable A(R),

(A) ~ — /0 A(R(t)) dt. (1.6)

Despite its usefulness, conventional MD has two major limitations. First, because the in-
tegration timestep is on the order of femtoseconds, many biologically relevant conformational
changes, such as loop rearrangements, binding-pocket opening, and domain motions, are diffi-
cult to sample directly. Second, the accuracy of the simulation depends on the quality of the force
field. Nevertheless, long-timescale MD simulations have successfully captured folding and un-

folding events in small proteins and reproduced several experimental observables, demonstrating
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that MD is a powerful tool for studying molecular mechanisms, metastable states, and transition

pathways [60, 61].

Calculating free energies from molecular dynamics simulations

Calculating free energy is necessary to understand such conformational changes as they
account for the ensemble’s enthalpic and entropic contributions. Following the Eq.1.5, we can
calculate the free energy surface for a conformational coordinate or collective variable, denoted

as s = s(R), using equations 1.7 and 1.8.

fydt'sls — s(R(t))]
P(s) = T : (1.7)

and

F(s) = —kgTInP(s) + C, (1.8)

where C' is an arbitrary constant. The reliability of this estimate depends on both the amount
of sampling and the accuracy of the force field. In principle, if the trajectory is sufficiently
long and ergodic, the time average in Eq. 1.6 approaches the equilibrium ensemble average. In
practice, however, biomolecular free-energy landscapes often contain metastable basins separated
by kinetic barriers. As a result, an unbiased MD simulation may remain trapped in one basin and
fail to sample other relevant conformations within accessible simulation times.

This sampling limitation directly affects the accuracy of calculated free-energy surfaces.
Therefore, improving conformational sampling is essential for reliable free-energy calculations

from MD simulations. This motivates the use of enhanced sampling methods, which are designed
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to accelerate transitions between metastable states and recover the underlying equilibrium free-

energy landscape.

Enhanced Sampling

Enhanced sampling methods accelerate rare events by changing how the system explores
phase space such that the desired equilibrium distribution can be recovered later. Broadly, they
can be divided into ensemble-based methods and collective-variable-based methods.

Ensemble-based methods run multiple simulations under modified thermodynamic or Hamil-
tonian conditions. Temperature replica exchange molecular dynamics (T-REMD) simulates repli-
cas at different temperatures and exchanges configurations to help low-temperature replicas cross
barriers [62]. Hamiltonian replica exchange modifies parts of the potential energy to enhance
sampling of selected interactions [63]. These methods can be powerful, but they often scale
poorly with system size and require many replicas.

Collective-variable-based methods bias one or more coordinates s = s(R)). This approach
falls under the importance sampling family [64, 65], where sampling is performed to estimate a
target distribution by biasing or stratifying the sampled distribution such that the ratio between the
sampled and target distributions is either known beforehand or calculated during the simulation.

Schematically, this can be written as

Punbiased(s> o Pbiased(s> ew(S)’ (19)

where Purbiased apnd phiased gre the target and sampled distributions, respectively, and e*® is the

reweighting factor. Thus, the unbiased distribution can be recovered by reweighting configura-
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tions according to the bias applied during sampling. In this sense, enhanced sampling increases
the probability of visiting rare but important regions of conformational space, while reweighting

restores the equilibrium probabilities of the target unbiased ensemble.

Umbrella Sampling

Umbrella sampling (US) is a classic enhanced sampling method for calculating free-energy
profiles along a chosen collective variable s [66]. Instead of relying on one long unbiased tra-
jectory to sample all relevant metastable states, umbrella sampling divides the collective-variable
space into a series of windows, or umbrellas. In each window £k, a static biasing potential, com-
monly a harmonic restraint,

1
Vi(s) = 5 Kils — )", (1.10)

is applied to keep the system near a chosen value s;. Independent restrained MD simulations are
then performed in each window, often in parallel. In this way, the bias potential is predefined
before the simulation.

A crucial point is that orthogonal degrees of freedom should be adequately sampled within
each window. If these orthogonal degrees of freedom contain long-lived metastable states, then
the simulation can suffer from the same limited-timescale problem encountered in unbiased MD.

The importance sampling form of US is

ppsbine(s) — Pl (s) exp[3Vi ()] xpl—BVA ()]} e (11
where () unpiased denotes an ensemble average over the unbiased distribution. In this case, PPiased
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can be calculated from the biased simulation using Eq. 1.7, and V}, is known from the beginning
of the simulation. The ensemble average is the only term that is not trivial to calculate. However,
if the distributions across neighboring windows have sufficient overlap, this average term can be
treated as a normalization constant because it is independent of s, and can be calculated using
the weighted histogram analysis method (WHAM) [67, 68]. Thus, one can obtain the unbiased

relative free energy among the metastable states present along s.

Well-Tempered Metadynamics

Metadynamics is an importance sampling method that adds biasing weights as the system
visits distinct regions in the chosen collective-variable space, thereby encouraging the system to
sample a broader distribution. Practically, this is achieved by adding a biasing potential term
V(s(R)), or equivalently V' (s), to the force field U(R). By construction, once the target uniform
distribution is achieved in standard metadynamics, the accumulated biasing potential approaches
the negative free-energy surface along the collective variable, — F'(s) [69].

Barducci, Bussi, and Parrinello proposed a more controlled version of this scheme called
well-tempered metadynamics (WTMetaD) [70]. In this scheme, the rate of bias deposition de-

creases with time. The scheme can be implemented using the following stochastic iteration:

(1.12)

Va(S) = Vi a(5) + g5, 50) exp {—W—”] ,

v—1

where § = 1/kgT, n denotes the bias-deposition step, and ¢(s, s,,) is the biasing kernel, com-
monly taken to be a short-ranged Gaussian kernel over the CV space. The biasing potential is

updated periodically after every N, steps, where 7, = N, dt and dt is the MD timestep. During
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the time between updates, the system evolves under the potential U(R) + V,,(s(R)).

One of the most important features of this stochastic iteration scheme is that the bias evo-
lution can be described by an ordinary differential equation (ODE) [64, 70]. This ODE behavior
has been shown in different ways and provides a foundation for understanding and leveraging

well-tempered metadynamics. Additionally, the asymptotic solution for the ODE at long times is

V(s,t) — — (1 - —) F(s) + c(t), (1.13)

where ¢(t) is a time-dependent offset independent of s, given by

f ds e_ﬂF(s)

C(t) e k’BTlH de e_B[F(S)J’_V(S’t)] .

(1.14)

The function ¢(¢) is independent of the collective variable, and while calculating the relative
free-energy ranks of states in this collective variable, ¢(t) cancels out; thus, it can be ignored for
that specific purpose. Now, notice the influence of + on this expression. When v — 1, the
sampling tends to an unbiased simulation. When 7 — oo, V (s) tends to —F(s), and we recover
standard non-tempered metadynamics, where the target distribution is uniform. This suggests that
~ quantifies the amount of fluctuation enhancement in this scheme. Thus, the chosen CV s must
contain information about a protein’s biologically relevant and essential fluctuations. Generally,
7 is also defined as (T'+ AT) /T, providing a temperature-based intuition for how barriers in the

collective variable are modified.
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The importance sampling form for WTMetaD is given by
prubiased gy — pbiased (g 4y oxp{B[V (s, t) — c(t)]}, (1.15)

and c¢(t), which is an estimator for the reversible work done by the biasing potential, can be

calculated by
[ ds exp [V—LﬁV(s,t)}

c(t) = kgT1In [ ds o [W—LBV(Sﬂf)} :

(1.16)

Unlike US, WTMetaD updates the weights on the fly in a single trajectory. This implies
that if the trajectory performs multiple back-and-forth motions in s, the reweighting scheme can
provide a better estimate of the free energy along s.

Practically, from a simulation, the free energy for any coordinate q can be calculated by

plq) — a4t 01— aRE)) exp{BV R, ¢) el i
Ji dt exp BV (s(RA(E). #) = o(t)])

Under sufficient sampling and adequate back-and-forth transitions in both the biasing coordinate
and the desired coordinate, the F'(q) defined using Eq. 1.17 and Eq. 1.8 is an estimate of the
unbiased free energy. Further, WTMetaD also allows us to check convergence by comparing

F(s) estimated from the biasing potential with F'(s) obtained from reweighting.

Low-dimensional representation of protein dynamics

As already hinted, when describing ensembles of biomolecules, specifically proteins, not
all the R3N degrees of freedom, where N is the number of atoms, are required [71]. Especially

while dealing with all-atomistic simulation data of these biomolecules, the number of atoms
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roughly ranges from 10 to 107. Typically, system-specific coordinates are used to visualize
or interpret different conformations. From a folding perspective, RMSD and () values, or the
fraction of native contacts, are commonly used as metrics to check how close a conformational

state is to a known reference conformation [72].

N
1 2
_ 0
RMSD = , | + ;le Ir; — 9%, (1.18)

where N is the number of atoms, r; is the position vector of atom i in the query structure, and r?

is the position vector of atom ¢ in the reference structure.

1 1
Q=— , (1.19)
(i7)es 1 + exp [ﬁ (Tz'j — )\T%)]

where S is the set of atom pairs, r;; is the distance between atoms ¢ and j in the query structure,
and r?j is the corresponding distance in the reference structure. (3 is the smoothing factor for the
sigmoid function, and A is an adjustable factor that allows some flexibility.

While these system-agnostic coordinates define how far away a protein conformation is
from a given reference state, distinguishing between different conformations based on dynam-
ics is required to understand the system. Since we also aim to perform WTMetaD, we require
a collective variable whose fluctuation enhancement will lead to better sampling [73]. This re-
quirement means that the variable should be able to capture the essential dynamics and relevant
metastable states. Typically, the coordinate that best describes the dynamics and the mechanism

of conformational changes is the reaction coordinate (RC), the most informative degree of free-

dom [74].
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State predictive information bottleneck (SPIB)[5]

SPIB is one such dimensionality reduction method that performs dimensionality reduction
while simultaneously identifying the number of metastable states. This is achieved by leveraging
the information bottleneck approach, where the neural network attempts to find the minimum

amount of information required, z, from a given set of input features, X, to predict the target y.

Lrp :I(Y7Z> _ﬁI(ZaX>a (120)

where Z(z,y) denotes the mutual information between = and y.
The SPIB loss function uses a variational approach for the information bottleneck, Eq. 1.20,
to predict the future state, X‘*4¢, of a system given its current information through a set of

collective variables, X*. The following equation presents the SPIB loss function:

1
Lspis =

M:

Ity 1) -t (5. (1.21)

n:l Tg(Zn)

Here, M denotes the total number of frames present in an MD simulation, X denotes the
input collective variables, {X" .1, z is the latent variable, or RC, and y denotes the one-hot
encoded state labels, {y"}* ;. The time interval between X" and X"+ is At.

Maximizing the Lgp;p function leads to a latent space that incorporates dynamics through
the time-lag parameter and forms an information-dense space required to differentiate the states.
In each iteration of maximizing the loss, SPIB predicts the probability that the system starting

from X will be found in state ¢ after a time delay of At. This probability denotes the state
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transition probability. At the core of SPIB is an iterative scheme where, based on the state tran-
sition probabilities for a given At¢, SPIB updates the state labels for the system starting from X.
This on-the-fly update also allows SPIB to predict the number of metastable states with an es-
cape time, Section 1.1.2, greater than At. Moreover, the boundaries between the SPIB-predicted
states correspond to a state transition probability of 0.5, resulting in what is known as the com-
mittor surface. Thus, the SPIB latent space presents itself as a reasonable reaction coordinate

[74,75,76,77,78,79, 80, 81].

1.3 Thesis descriptor and biological motivation

The big picture problem in this thesis is to develop methodologies that work in “sequence-
ensemble-function” regime. To achieve this goal, in this thesis the conformational selection
hypothesis is used. In this thesis, I use a conformational metastable state selection hypothesis:
ligand or binder association mainly shifts the populations of metastable states that already exist
in the apo ensemble. The major apo metastable states are therefore assumed to remain approxi-
mately conserved, while their relative Boltzmann weights change upon binding. This assumption
allows the apo landscape to be characterized first and then used to guide drug discovery, protein
binder design, and related applications(Fig. 1.1).

With this in mind, this thesis develops and applies computational strategies that bridge
AF2-like structure prediction with MD-based thermodynamic reweighting. The core method-
ological idea is to use predicted structural diversity as an initial hypothesis for possible metastable
states, learn low-dimensional coordinates that separate those states, and recover Boltzmann-

ranked ensembles through enhanced sampling. This framework is designed to answer questions
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such as:

(1) Which metastable conformations are accessible to a protein sequence under a specified

condition?

(i1) Which of these conformations are thermodynamically important?

(i11) Can conformational information learned for one protein be transferred to its homologs?

(iv) Can rare but druggable or immunologically relevant conformations be identified before

ligand binding or receptor engagement?

(v) Can ensemble-based descriptors improve the design of immunotherapies, especially sys-

tems where disorder, flexibility, and population shifts are functionally important?

(vi) Can Al generated structural ensembles be interpreted in terms of their dynamical timescales

and functional relevance?

The following chapters build on this foundation. The first part of the thesis focuses on
combining data-based models with physics-based sampling to obtain Boltzmann-ranked confor-
mational ensembles. The second part applies this idea to conformation-selective drug discov-
ery, where metastable states provide docking targets that may not be apparent from a dominant
static structure. The third part extends the ensemble perspective to cancer immunotherapy, where
conformational distributions can influence downstream signaling. The final part fits a Langevin

equation to Al-generated structural ensembles to estimate their dynamical timescales.
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Chapter 2: Understanding and Adding Stochasticity to AlphaFold2

In recent years, since the development of AlphaFold2 (AF2)[1], The computational study
of protein molecular biophysics has undergone an extreme change. In the Critical Assessment
of protein Structure Prediction round 14 (CASP), AF2 outperformed other methods, achieving
near-experimental accuracy on many CASP 14 targets. The subsequent release of easy-to-access
implementations, particularly ColabFold[11], further lowered the barrier for the broader scientific
community. Since then, AF2 has been used not only as a structure prediction tool but also as a
platform for method development in molecular biophysics, structural biology, protein design,
docking, mutational analysis, and conformational sampling. Apart from the structural biology
community, AF2 has also been used across many areas of biology as a structural hypotheses for
interpreting molecular mechanisms at atomistic resolution.

Interestingly, many top-performing methods in CASP14 substantially improved over the
best methods from CASP13. While the availability of large structural and sequence databases was
essential, one of the key ingredients behind this progress is the use of large attention-based neural
networks that integrate sequence, evolutionary, structural template, and geometric information.
However, despite its empirical success, several questions remain: what has AF2 learned about the
sequence-to-structure relation, how reliable are its predictions, how strongly does it depend on

MSA information, and to what extent do its predictions reflect generalizable structural principles
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rather than memorized patterns from training data?
In this chapter, I focus on AF2’s architecture, the flow of information from its inputs,
possible strategies for feature attribution, and, most importantly, ways to introduce stochasticity

into the network. The overall goal of this chapter is to motivate how AF2 can be used.

2.1 From Potts Models to Masked Language Models to AlphaFold2

A
v

Inference
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|\/ Contact

Cause

=
= XXV XK R X O m
< O O m m 2 X

N~

Coevolution

Figure 2.1: Coevolutionary information from multiple sequence alignment Shows a representation of
coevolutionary signal to structure hypothesis.

In the previous chapter I discussed briefly about the static structure prediction methods in-
volving template based and non template based. One of the key discovery is the coevolutionary
information for ab initio contact prediction. As mentioned in the previous chapter, coevolution
information was developed by inferring that occurrence of certain pairs of mutations are coupled
due to their interaction in the protein’s three-dimensional structure(Fig. 2.1). This is purely a

correlation-based method development and thus requires a better classes of methods that can dif-
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ferentiate between noise and coevolutionary signals. Typically, a multiple sequence alignment
is performed to search and align sequences belonging to the family or similar to the query se-

SNV*L where S is the set of naturally occurring amino

quence. This gives an MSA matrix M €
acids together with gap (’-’), N is the number of sequences in the MSA, and L is the length of
the sequence, as described in the first chapter. Each column of this matrix provides information
about the frequency of amino acids at a given site in the sequence, while pairs of columns provide
information about the joint frequency of amino-acid pairs at two sites. Using these quantities, the

mutual information (MI) between two sites can be used to estimate the correlation between them.

Formally, for an amino-acid state a € S at position ¢, the single-site frequency is

2.1)

Mz

1
Nm:

where s is the amino-acid state at position i in sequence m, and J(-, -) is the Kronecker

delta. Similarly, the joint frequency of observing amino-acid states a and b at positions 7 and j is

N
1
figa,b) = 5 D dura O 2.2)

m=1

The mutual information between positions ¢ and j is then given by

fyla.b)
=22 fuleb)in [ﬁ( TG J 23

a€s bes
Here, M 1;; quantifies how strongly the amino-acid distributions at positions ¢ and 7 deviate
from statistical independence. A high mutual information value suggests that the two sites are

correlated across the MSA. However, these correlations can arise from direct coupling, indirect
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coupling through other residues, phylogenetic effects, or sampling noise. Thus, an additional
average product correction (APC) is commonly used to reduce background correlation effects
and refine the contact signal [82]. Later, direct information was later suggested to disentangle the
direct and indirect couplings through a maximum entropy modeling resulting in a Potts model
built on the MSA. As discussed in Chapterl, this leads to a Potts model over aligned sequences,
where site-specific fields capture conservation and pairwise couplings capture direct statistical
dependencies between residue positions. From the inferred pairwise coupling parameters, one

can define the direct information (DI) between two sites as

ZPd“ a,b)1 (2.4)

fz< )£3(b)

Pd1r ( b) ]

where P (a, ) is the direct pair distribution constructed from the inferred coupling .J;;(a, b) and
constrained to reproduce the single-site frequencies f;(a) and f;(b).[50].

However, this inference problem framework is difficult because the number of parameters
is large and the partition function is generally intractable. A Pseudolikelihood maximization
approach was then developed by replacing the total likelithood with a product of conditional

probabilities. That is,

exp [ hi(si") + X2 Jig 77|

P(s" [ s}) = . (2.5)
> aes XD [hila) + 3, Jij(a, s;”)]
Then, the pseudolikelihood objective is
N L
Lo = log P(s™ | (), (2.6)

m=1 i=1
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where N is the number of sequences in the MSA, L is the sequence length, sgm) is the
amino-acid state at position ¢, and sﬁ’i") denotes all positions except position 7. This conditional
view is closely related to masked language modeling (MLM) in BERT-like transformer architec-
tures, where masked tokens are predicted from the surrounding sequence context [83].

Bhattacharya et al. [84] showed that a simplified attention-based model can recover con-
tact information comparable to Potts models, and that a factored-attention construction can be
interpreted as a parameter-efficient way to model protein family interactions. In this formula-
tion, the key idea is to decouple positional interactions from amino-acid interaction features. In
other words, the positional encoding and amino-acid state information are separated between the
attention matrix and the value vectors. Later work analytically connected factored attention to
generalized Potts models, showing that an attention-based architecture with a single-head layer
can recover the coupling matrix of a Potts model with fewer parameters [85].

In a similar spirit, MSA Transformer was introduced as a protein language model that
takes an MSA as input and is trained using a masked language modeling objective. By using
attention across both sequence, or row-wise, and alignment, or column-wise, dimensions, MSA
Transformer learns correlations between residue positions and predicts contact maps from coevo-
lutionary information in the MSA [86].

AF2 builds on related ideas through the Evoformer module, which processes both an
MSA representation and a pair representation. The pair representation can be viewed as car-
rying residue-residue information analogous to a learned J;;-like representation, while the ad-
ditional triangle-attention operation refines pairwise signals by enforcing consistency among
residue triplets [1]. Thus, the progression from Potts models to masked language models pro-
vides useful insight into a part of AF2’s mechanism.
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2.1.1 AlphaFold2: Everything, Everywhere, All at Once
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Figure 2.2: AlphaFold2 architecture a) Shows the architecture of AlphaFold2. The pipeline is drawn
based on the architecture and algorithms presented by Jumper et al.[1]. I have expanded the initialization
procedure presented in AF2. b) Using Abll Kinase as an example the heatmaps depict the role of recycle
pre- and post- Evoformer block.

Given this brief overview, AF2 can be viewed as a deep-learning framework that integrates
many ideas from earlier static structure prediction methods. Fig. 2.2a shows the overall architec-
ture of the model. For a given query sequence, AF2 searches sequence and structural databases to
construct an MSA and identify structural templates. Because attention over a long MSA is com-
putationally expensive, AF2 separates the MSA information into an extra MSA representation,
Mexira, and a clustered MSA representation, M ser- The extra MSA stack is used to initialize
the pair representation matrix, z, while template information is also incorporated into the initial

pair representation.
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The clustered MSA representation, together with the pair representation, is then passed
through the Evoformer module and subsequently to the structure module to generate the final
three-dimensional structure. In this chapter, I denote the pair representation before the Evoformer
as zex and the pair representation after the Evoformer as z.,. The structure module initializes
residues in a common reference frame and uses the learned sequence and pair representations to
predict rotations and translations for each residue. Finally, the structure module outputs a three-
dimensional structure, a residue-wise confidence metric - predicted local distance difference test
(pLDDT) - and a distogram (distance histogram) for each residue pair. Thus, from a viewpoint

of classical structure prediction, AF2 combines several of the methodological traditions:
* Like homology modeling and threading, it can use structural templates when available.
¢ Like coevolution-based methods, it uses MSAs to infer constraints between residues.

* Like refinement-based methods, it iteratively improves internal representations and coordi-

nates through recycling.

2.1.2 Looking into AF2

Using Abll kinase as an example, Fig. 2.2b shows how the two different pair representa-
tion matrices evolve over recycling. With no recycling, z., already shows contacts similar to the
ground-truth contact map shown below the structure. However, after the first recycle, it is notice-
able that 2., contains information about regions where contacts are absent. That is, a lower signal
represents regions with no contacts, whereas a higher signal represents long-range contacts. In

contrast, the lower signal in 2., corresponds to regions where short-range contacts are present.
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Figure 2.3: Requirement of MSA a) AF2 predictions using only sequence information, without MSA or
template information, for ubiquitin, BPTI, and Abl1 kinase. These examples illustrate a simple way to
assess whether AF2 requires MSA information for a given protein. b) AF2 predictions as MSA sequences
are gradually added according to sequence similarity. ¢) Residue-blocking procedure used to coarse-grain
the sequence representation for feature attribution. d) Schematic representation of the feature-attribution
protocol in AF2. e) Feature-attribution results highlighting the important blocks in MSA that contribute
to AF2 structure prediction.
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This distinction between long-range, or global, and short-range, or local, information was made
by Jumper et al. when comparing the roles of the Extra MSA stack and the Evoformer.

Using Abll kinase as an example the Fig. 2.2b shows how the two different pair represen-
tation matrix evolve over recycles. It is clear that with no recycle the z., shows contacts similar
to the groundtruth contact shown below the structure. However, its easily noticable that after the
first recycle, the z., contains where the contacts are not present. That is, a lower signal represents
no contact region and a higher signal represent long range contacts. On the contrary, the lower
signal in z, contains where the short range contacts are present. This long range(global) and
short range(local) distinction is made by Jumper et al. when comparing the algorithms between
Extra MSA stack and Evoformer.(Additional layer-wise analysis on Evoformer is presented in

Fig. A.1)

2.2 How much coevolution is required?

One of the first question addressed in this chapter is how strongly AF2 depends on the
MSA for different protein systems. One simple test is to remove the MSA input and increase the
number of recycling steps. If a protein can still be predicted accurately without MSA information,
this suggests that AF2 has learned a strong sequence-to-structure prior for that fold family or
structural pattern. In such cases, recycling may allow the model to iteratively refine a plausible
fold even when explicit covariation information is missing. This approach is similar to the one
prescribed by Chang et al.[87]. However, it is different in the problem addressed. Chang et al.
tried to predict folding pathway by using this approach whereas in this chapter we try to use this

approach to see if MSA information required(Fig. 2.3a).
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However, Fig. 2.3a shows the Frobenius norm of the difference between z., predicted by
single-sequence AF2 at each recycling step and z., predicted with full MSA information. Sys-
tems such as ubiquitin, which is highly represented in the PDB, show little requirement for MSA
information. As expected, larger molecules such as Abl1 kinase suffer from the lack of coevolu-
tionary information. Interestingly, a smaller protein such as BPTI also suffers from the lack of
coevolutionary information. Furthermore, in all these cases, while the tertiary structure predic-
tions are not consistent, the secondary structure information remains consistent. This suggests
that long-range residue-residue constraints may be required for better AF2 performance. These
constraints can come from structural templates or from MSA information.

To further analyze how much sequence information in MSA aids AF2 in improving struc-
ture prediction, sequences were added to the MSA in their original order at different length, and
structures were predicted using the resulting MSA matrices. Fig. 2.3b shows the RMSD between
the predicted structure and the reference structure at different MSA depths. It is clear that ap-
proximately 50 sequences are sufficient for AF2 to predict the BPTI’s structure accurately. This
is also consistent with the study performed by Jumper et al. The predicted structure at each MSA
depth up to 50 sequences is shown in Fig. 2.3b. Once again, while the secondary-structure in-
formation is preserved, long-range interactions are missing when a lower number of sequences is
used.

Thus, an interesting question is which set of sequences, or what information within the
MSA, is required for AF2 to predict the structure accurately. A related question is whether such

feature attribution can help explain AF2’s performance.
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2.3  Block Perturbation of the MSA

To identify which parts of the sequence or MSA most strongly influence AF2’s prediction,
one can use feature-attribution tests commonly used in the explainable AI community. Methods
such as LIME[88], TERP[89], and SHAP[90] perform local perturbations to the input and use
surrogate models to explain the resulting variation in the output. In the same spirit, I propose a
block-perturbation approach for MSA signal attribution. In this approach, the protein sequence is
divided into blocks according to secondary-structure information from a structure predicted using
the full MSA. This blocking procedure coarse-grains the sequence so that the perturbation effects
are more pronounced. Fig. 2.3c shows an example of the blocking procedure for the BPTI system.
For the BPTI system, each block was restricted to a size of three to four residues. Fig. 2.3d
displays the schematic for the block-perturbation algorithm applied to BPTI. Practically, for a
chosen sequence block, the corresponding columns in the MS A matrix are perturbed by randomly
selecting rows(50%) and replacing their amino-acid identities with samples drawn uniformly
from the set S.

This experiment can be viewed as an evolutionary-information ablation test. If perturbing
a block causes a large structural change, then AF2 is sensitive to the evolutionary constraints
contained in that block. If the output remains nearly unchanged, then the block may not be
essential for the predicted structure, or its structural information may be redundantly encoded
elsewhere in the MSA or in AF2’s learned prior.

Fig. 2.3e shows the result for BPTI. The root mean squared deviation(RMSD) changes
caused by perturbation clearly show that certain blocks contain most of the relevant informa-

tion. Based on this analysis, the selected blocks correspond to part of an antiparallel 3-sheet
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and a coil region spanning across the structure. Inspection of the sequence composition shows
that these blocks include most of the hydrophobic core of BPTI. This suggests that AF2 requires
MSA-derived information about the hydrophobic core for accurate structure prediction. This
observation is also consistent with the previous hypothesis that, rather than requiring MSA infor-
mation for secondary-structure prediction, AF2 requires MSA information mainly for long-range
or tertiary contacts.

This interpretation should be made cautiously. Block perturbation does not directly iden-
tify thermodynamic importance; rather, it identifies model sensitivity, namely which parts of the
evolutionary input most strongly affect AF2’s output. Nevertheless, this analysis can be highly
useful. In the current implementation, MSA signal attribution is performed as an ablation ex-
periment. A more systematic approach would be to use linear surrogate models to quantify
the importance of different sequence blocks. Additionally, instead of perturbing single blocks
independently, pairwise block perturbations based on contact information may provide a more

meaningful way to probe coupled structural signals.

2.4 Reduced MSA approach to AF2 (rMSA-AF2)

So far, I have focused on how much MSA information is required by AF2 and what kinds
of MSA signals are useful for structure prediction. Based on the empirical results described
above, MSA information appears to play an important role in resolving long-range tertiary con-
tacts. However, to address the broader question raised in Chapter 1, we need a way to obtain an
ensemble of structural hypotheses rather than a single static structure. The perturbation experi-

ments suggest that changing the MSA input can lead to different tertiary structures. To address
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this, I developed a reduced-MSA approach, similar in spirit to the MSA subsampling strategy
introduced by del Alamo et al. around the same time [91]. In this approach, instead of directly
perturbing the amino-acid content of the MSA, I reduce the number of MSA sequences used in
the AF2 architecture. Specifically, the depths of My, and M juster are reduced during initializa-
tion. In the standard AF2 protocol, M j,ster has a depth of 512, while My, has a depth of 5120
in the original AF2 implementation. To observe conformational changes, these MSA depths must
be reduced substantially.

I use kinase domains as examples to demonstrate the effect of the reduced-MSA approach.
Kinase domains are important drug targets and are known to adopt different DFG conformational
states, including DFGin, DFGinter, and DFGout states [8, 92](Fig. 2.4a). These states are dis-
cussed in more detail in Chapter 4. In this chapter, I focus on how reduced-MSA AF?2 affects the
predicted kinase conformations using DFG spatial classification (Fig. 2.4a). The reduced-MSA
test was performed on two tyrosine kinase domains: Src kinase and Abll kinase. Fig. 2.4c and
2.4d show that alternative DFG states appear only after reducing the MSA depth to approximately
16 sequences. Here, MSA depth refers to the number of sequences retained in M yster- These
results also show that AF2 preferentially generates DFGin-like kinase conformations compared
with other DFG states, possibly reflecting the overrepresentation of DFGin conformations in the
PDB database. Interestingly, irrespective of sequence identity, both Abl1 and Src kinase domains
show similar populations at MSA depths of 16 and 8. However, the relative populations inferred
from these reduced-MSA predictions should not be interpreted as thermodynamic populations.

To further examine AF2’s apparent bias toward the DFGin state, I searched the PDB
database for kinase domains with experimentally observed DFGout-stable structures. DDR1 ki-

nase is one example of a kinase domain that prefers a DFGout conformation in the apo form. In
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Abll, three key mutations are known to stabilize the DFGout state, as observed in PDB structure
6XRG. In addition, the juxtamembrane domain located N-terminal to the kinase domain is known
to autoinhibit some kinases and stabilize DFGout conformations. Examples of this category in-
clude FLT3 kinase (PDB: 1RJB) and the receptor protein tyrosine kinase c-Kit. A deeper search
of the PDB also showed that CDK6 kinase and the insulin receptor kinase domain (PDB: 1IRK)
were among the early deposited apo DFGout kinase structures. Therefore, I selected these kinase
systems to cover multiple cases in which the DFGout conformation is experimentally stabilized.

Fig. 2.4e shows the reduced-MSA AF2 results for these kinase systems at an MSA depth
of 16. Even for systems with experimentally observed DFGout-stable structures, the DFGin
state remains highly populated in the AF2 predictions. Some kinase domains, such as CDK®6,
do not produce a DFGout conformation even at this reduced MSA depth. These results suggest
that reduced-MSA AF2 can expose alternative conformational hypotheses, but the method is not
an unbiased thermodynamic sampler. Instead, it should be interpreted as a way to perturb the
evolutionary context provided to AF2 and test which conformational states are accessible to the
network under reduced sequence information.

Overall, the reduced-MSA AF2 approach provides a simple way to introduce controlled
stochasticity into AF2 predictions. By reducing the amount of evolutionary information or con-
straints passed through the MSA representations, AF2 can be encouraged to generate alternative
structural hypotheses that may correspond to low-population or functionally relevant conforma-
tions. A recent study [93] has proposed that AF2 has indeed learned an energy surface, not a
free energy surface, for protein folding in its transformer weights. They propose and provide
significant evidence for the idea that the MSA pair representation matrix simply initializes close

to the “correct minimum”, while the transformer architecture performs an optimization step on
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this energy surface. This also suggests that the MSA reduction protocol simply initializes the

transformer closer to a different local minimum, possibly a non-native for the learned energy sur-

face. However, the resulting structures should not be interpreted directly as Boltzmann-weighted

ensembles.

2.5 Other related works

Based on the same general idea, several other approaches have been developed to intro-

duce stochasticity into AF2. In some methods, the initial MSA is clustered into smaller MSAs

based on sequence similarity, or randomly subsampled, to generate alternative conformations. In

other approaches, information in the MSA matrix is perturbed by substituting alanine residues

at selected sequence positions across different MSA sequences. The methods are summarized in

Table 2.1.

Table 2.1: Conformational ensemble generation through perturbation-based approaches for AF2.

S.No. | Method Description

1 rMSA-AF2[91, 94] Reduces the depths of the internal MSA represen-
tations, M juster aNd Moxira-

2 AF-Cluster[95] Clusters MSA sequences based on sequence-
similarity metrics before passing them to the AF2
architecture.

3 CF Random[96] Performs reduced MSA sampling across multiple
MSA depths.

4 CF Random-expert[97] Updates the MSA matrix with gaps based on prior
structural or biological knowledge.

5 SPEACH_AF[98] Perturbs the MSA matrix by substituting alanine
residues before passing it to the AF2 architecture.

6 Frustratometer-based perturbation[99] | Clusters or selects sequences based on frustration
scores obtained from the Frustratometer.

These approaches, especially the reduced MSA approach, rely on AF2’s learned internal

representations and structure module to generate structures that satisfy microscopic and geomet-
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ric constraints beyond inter-residue contacts, such as chain connectivity, excluded volume, and
physically reasonable dihedral angles. However, this is not always guaranteed. When the MSA
cluster embedding or initialization contains limited information, the output structure can violate
some of these requirements. Thus, geometry-based post-processing filters are essential when

using these approaches.

2.6 Chapter Summary

This chapter connects Potts-model coevolution, masked-language-like objectives, and AF2-
based structure prediction. Pseudolikelihood maximization in Potts models can be viewed as pre-
dicting each amino acid from its sequence context, making it conceptually similar to masked lan-
guage modeling. Recent work on factored attention formalizes this relationship by showing how
simplified attention mechanisms can recover Potts-like conditional distributions. AF2 extends
this logic into an end-to-end structure prediction framework that integrates MSA information,
structural templates, recycling, and geometric reasoning.

To conclude, the key architectural contributions of AF2 can be summarized as follows:

* AF2 uses row-wise and column-wise attention on the MSA representation, together with
triangle attention on the pair representation, to refine residue-residue information and pre-

dict distograms.

* The structure module uses invariant point attention to predict three-dimensional atomic

coordinates while preserving covalent bonds within an amino acid.

* The recycling procedure feeds predicted representations back into the network, allowing
AF2 to iteratively refine its predictions.
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This chapter then addresses the importance of MSA-derived signals for structure prediction.
Although the feature-attribution approach introduced here is still at an early stage, it provides a
useful way to probe which regions of the MSA influence AF2 predictions. A more systematic
extension would involve linear surrogate models or related explainability methods to quantify
signal importance more rigorously. Most importantly, this chapter also discusses how stochastic-
ity can be introduced into AF2 through MSA reduction to generate diverse structural hypotheses.
However, these reduced MSA AF?2 structures should not be interpreted as Boltzmann-weighted
ensembles.

Although they are not Boltzmann-weighted ensembles, reduced MSA AF2 predictions can
produce structures with substantial conformational variance. In some cases, these structural
differences may correspond to slow-timescale conformational changes or alternative metastable
states. Therefore, rather than relying directly on AF2 confidence scores or AF2-derived ensemble
weights, these structures can be used as structural hypotheses for adaptive sampling workflows
designed to explore metastable states using molecular dynamics simulations. In this way, AF2 can
be leveraged as a hypothesis-generating model whose outputs are refined and reweighted using
physics-based methods. While any of the perturbation-based approaches discussed in this chap-
ter may be useful, the following chapters primarily use the rMSA-AF2 approach. This chapter
therefore provides the conceptual and methodological foundation for the post hoc physics-based

sampling strategies developed later in the thesis.
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Chapter 3:  AlphaFold2-RAVE: From sequence to Boltzmann ranking

In this chapter, I introduce a method I developed to bridge AlphaFold2 (AF2)-based struc-
tural ensemble prediction with physics-based approaches for identifying and ranking metastable
states. As discussed in Chapter 2, AF2 can generate structurally diverse ensembles when its MSA
input is modified, but these structures do not provide relative thermodynamic probabilities. More-
over, MSA reduction can introduce thermodynamically unstable or physically improbable struc-
tures. Another limitation discussed in this chapter is AF2’s limited ability to predict structural
changes induced by missense mutations[100]. Assigning Boltzmann weights to AF2-generated
conformations can help filter unphysical models, rank the remaining structures by thermody-
namic stability, and address these limitations. As discussed in Chapter 1, Boltzmann-weighted
metastable states can also aid in understanding molecular mechanisms and in structure-based
drug discovery. In principle, sufficiently long unbiased molecular dynamics (MD) simulations
should directly characterize the conformational diversity and thermodynamics of proteins with-
out assistance from Al-based structure prediction. In practice, however, MD simulations are
limited by accessible timescales, making it difficult to sample diverse protein conformations with
statistical reliability [17]. To combine the strengths of both approaches, I propose a protocol
that starts from a protein sequence and produces an ensemble of Boltzmann-weighted structures,

where each structure is assigned a relative thermodynamic stability. I combine AF2-generated
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Figure 3.1: AlphaFold2RAVE pipeline: The schematic diagram presents the AF2RAVE pipeline using
a 66 residue long cold shock protein(CSP) as an example. The initial ensemble generation block obtains
distinct conformations from clustering the structures generated by perturbing AF2. Unbiased MD is used
as a data augmentation tool for information bottleneck based dimensionality reduction. Enhanced
sampling is performed to reweight the conformational distribution and rank each conformations.

structural hypotheses with the Al-augmented MD method “Reweighted Autoencoded Variational
Bayes for Enhanced Sampling” (RAVE) [101], and refer to the final protocol as AlphaFold2-
RAVE (AF2RAVE).

In this chapter, I apply AF2RAVE to proteins with distinct structural and functional chal-
lenges: the 1HZB cold shock protein (CSP) for side-chain rotameric metastability [102], the
ubiquitin-binding protein UBA?2 for disorder induced by missense mutation [100, 103, 104, 105],
and the somatostatin receptor SSTR2, a G-protein-coupled receptor (GPCR), for conformational
diversity [91]. For these systems, AF2 alone, even with reduced MSA input, is insufficient to
provide thermodynamically ranked conformational ensembles. AF2RAVE reproduces known
CSP benchmarks from experiments and specialized simulations, while also producing results for

UBAZ2 and SSTR2 that are consistent with experimental observations and biological function.
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In the following sections, I first describe the general AF2RAVE protocol using cold shock
protein as a model system. I then show that AF2RAVE can identify and rank alternative con-
formational states. Finally, I apply the protocol to systems involving missense mutation, partial

disorder, and larger-scale conformational changes.

3.1 Results

3.1.1 Establishing the AlphaFold2-RAVE Protocol

The key steps involved in the AlphaFold2-RAVE protocol are as follows: The central idea
of AlphaFold2-RAVE is to use reduced-MSA AF2 to generate diverse structural hypotheses, and
then use RAVE to learn reaction coordinates that separate metastable states. These coordinates
are used for enhanced sampling, allowing the AF2-generated structures to be refined and ranked

by their Boltzmann weights(Fig. 3.1).

1. Generate a conformationally diverse ensemble using the reduced MSA approach, or an-

other perturbative approach described in Table 2.1.

2. Identify distinct representative structures from this ensemble and perform short MD simu-

lations.

3. Use State-Predictive-Information-Bottleneck(SPIB) to determine a reaction coordinate that

separates biologically relevant metastable states.

4. Perform enhanced sampling along the SPIB coordinate using WTMetaD or umbrella sam-

pling.
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5. Use the relative weights to rank the conformations.

Steps 1 and 2 are crucial because the subsequent SPIB learning and enhanced sampling steps
depend strongly on the quality and diversity of the initial structures and trajectories. I use regular-
space clustering to select representative structures from the AF2-generated ensemble. This pro-
cedure performs approximately uniform clustering in a high-dimensional conformational space.
Since alternative conformations often appear with low frequency in the AF2-generated ensemble,
regular-space clustering helps select these less-populated structures for downstream MD simu-
lations. In Step 3, SPIB is used to learn a reaction coordinate that best separates the metastable
states observed in the short MD trajectories. This SPIB latent space can then be used as the col-
lective variable for enhanced sampling in Step 4. Because the SPIB coordinate is learned from
short trajectories initialized from distinct AF2-generated conformations, the coordinate may not
be fully converged after the first round. Therefore, iterating Steps 3 and 4 can improve both the

learned coordinate and the sampling of metastable states.

3.1.2 Rotameric Metastability in Cold Shock Protein

Fig. 3.2 shows results for the 66-residue CSP (PDB: 1HZB). CSP has known rotameric
metastability in its eighth residue, Trp8 (Fig. 3.2a), exhibiting six states in its y; and y» tor-
sions through fluorescence spectroscopy [102]. To demonstrate the power of AlphaFold2-RAVE
(Fig. 3.1), I assume no prior knowledge of any such special residues. Fig. 3.2b and Fig. 3.2¢c
show probability distributions of conformations obtained from AlphaFold2 with reduced MSA
length and from AlphaFold2-RAVE, respectively, projected in the space of SPIB coordinates.

The enhancement in sampling quality is evident. Further analysis is provided in SI Section II,
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Figure 3.2: Rotameric metastability in cold shock protein: a) Results using AlphaFold2-RAVE on the
1HZB cold-shock protein (CSP). Structure of CSP with tryptophan shown in purple in its most stable
rotameric form. Potentials of mean force (PMFs) projected along the two-dimensional SPIB coordinates
o1 and o learned from my scheme: b) using structures obtained from reduced-MSA AlphaFold2, which
provides additional conformational diversity compared with traditional AlphaFold2 but without
thermodynamic reliability; ¢) using AlphaFold2-RAVE, showing both conformational diversity and
thermodynamic ranking.

establishing that the enhanced sampling here conforms to the Boltzmann distribution (Figs. S1

and S2), and that my protocol is more general than focused sampling (Fig.S3).

3.1.3 Disorder in the Mutant Form of Ubiquitin-Associated Protein

Fig. 3.3c shows PMFs from AlphaFold2-RAVE for both WT and L355A UBA2. Al-
phaFold2 was recently shown to be unable to capture changes in native-state stability of a par-
tially helical disordered structure caused by the missense mutation L355A [100]. For the WT, I
find that the unfolded—folded state energy difference is —0.3 kcal/mol, while for the mutant the
same difference is 1.2 kcal/mol. Calculation and further analysis can be found in SI Section IV.

This shows that the mutation increases the disordered nature of the protein.
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3.1.4 Helical Motion in a G-Protein-Coupled Receptor

The final system I study is the medically relevant [106] G-protein-coupled receptor (GPCR),
for which AlphaFold2 is unable to capture conformational diversity [105]. Specifically, I explore
conformational shifts in the somatostatin receptor SSTR2. Once again, I find that AlphaFold2-
RAVE detects several local changes in side-chain positions, as well as larger-scale helical mo-
tions. This corresponds well with known evidence of GPCR structural diversity [2]. In Fig. 3.3a,
I show examples of the large-scale helical shifts observed using this protocol. Fig. 3.3b shows the
PMF projected onto the SPIB coordinates. Details on collective variables and further discussions

can be found in SI Sections I-E and III, respectively.
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Figure 3.3: On missense mutation and conformational changes: a) SSTR2 structures highlighting
helix movement in TM6, TM7, and TMS via AlphaFold2-RAVE enhanced sampling, in agreement with
experiments [2] and biological function. Low-energy structures are shown in color and overlaid on the
native structure shown in gray. b) SSTR2 PMF using AlphaFold2-RAVE, showing multiple potential
states. Black dots show structures obtained from reduced-MSA AF2, with structures marked as “junk”
representing CV regions that cannot be sampled through transitions. ¢) UBA2 PMFs along total Q-value
for WT (purple) and L355A (green). The WT shows a visibly higher barrier, whereas L355A has a wider
and more stable disordered region.
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3.2 Conclusion

To conclude, I propose the AlphaFold2-RAVE method, which combines the strengths of
AlphaFold2 with the all-atom enhanced-sampling capabilities of RAVE [101]. This combination
provides an effective reaction coordinate, learned through SPIB, for a given protein sequence and
uses it to discover and differentiate biologically relevant conformational ensembles. A converged
enhanced-sampling method, such as metadynamics along the SPIB coordinate, can then rank
these conformations with their correct Boltzmann weights. Even before full convergence, signif-
icant information can be gained about the relative importance of metastable structures, which can
help refine inputs for structure-based drug design methods [107, 108]. To some extent, this ap-
proach relies on the ability of my modified version of AlphaFold2 to capture structural diversity.
For rare proteins with no evolutionary homologs exhibiting structural diversity, this diversity may
not appear in the AlphaFold2 output. However, I find that the learned information bottleneck can
still guide sampling toward regions that were not directly represented in the AlphaFold2 output,
as observed in both CSP and UBA2.

While any sampling protocol could in principle be implemented here, I use RAVE, specif-
ically the SPIB variant, because it requires minimal hand-tuning and limited prior knowledge of
metastable states or latent spaces for driving sampling. RAVE itself can be combined with many
rare-event sampling methods, each with its own advantages and disadvantages. Here, I demon-
strate the protocol using metadynamics because of its relatively straightforward implementation.
Alternatively, this protocol could incorporate other collective-variable-based methods, such as
umbrella sampling [66], weighted ensemble [109], NEUS [110], or the string method [111]. Sim-

ilarly, instead of AlphaFold2, one could use other experimental [112] or computational [10, 113]
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approaches to generate initial dictionaries of possible conformations. I use AlphaFold2 because
of its simplicity, accuracy, and relative ease of use.

Overall, I present a protocol that combines three components, sequence-based structure
prediction, machine-learning-based collective-variable discovery, and molecular dynamics, to
learn more than what each component can provide alone. This pipeline now can further be used
on immunologically important systems such as kinase molecules. In the next couple of chapter
I go back to the kinase domain protein molecule to improve structure based drug design by

including ensemble perspective of protein molecules.
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Chapter 4: Exploring kinase Asp-Phe-Gly (DFG) loop conformational stability

with AlphaFold2-RAVE

[This chapter is based on: Bodhi P. Vani, Akashnathan Aranganathan and Pratyush Tiwary.
(2023). Exploring kinase DFG loop conformational stability with AlphaFold2-RAVE. Journal of
Chemical Information and Modeling. Vol. 64, Issue 7, pp. 2789-2797. DOI: 10.1021/acs.jcim.3c01436
[114]. I contributed in the structure generation, SPIB calculation including simulations and fea-
ture dropout, and methodology development. I provided the codes for AF2-RAVE]

In this chapter, I return to the kinase domain proteins introduced in Chapter 2, focusing
specifically on DDRI1 kinase and its mutants. I apply the AlphaFold2-RAVE framework estab-
lished in chapter 3 to the DFG-loop conformational landscape of kinase domains. Kinases are
among the most important therapeutic targets in structure-based drug discovery because they
regulate many cellular signaling processes and are frequently implicated in cancer [115, 116].
Although several effective cancer therapies already function by targeting and inhibiting kinases
[116], kinase-based therapeutics remain far from fully explored [117].

In their active state, protein kinases catalyze the phosphorylation of substrate proteins
through the transfer of the y-phosphate group from adenosine triphosphate (ATP) or guanosine
triphosphate (GTP). Often, the substrate protein is another in a cascade of kinases required for

cell signalling[118, 119]. While there are over 500 kinases in the human kinome, making them
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a challenging class to study, the protein kinome universally has some highly conserved structural
motifs with a structurally well characterized active state. One key motif for this characterization
is the Asp-Phe-Gly (DFG) motif in the activation loop(Fig. 4.1). This motif has two structural
conformers, one with the Asp pointing into the loop, the DFG-in or active conformation, and one
with it pointing out into the solvent, the DFG-out or inactive conformation. The ATP binding,
and hence phosphorylation catalysis can only occur in the DFG-in conformation. Most drugs
targeting kinases are “ATP competitive”, i.e. they bind to prohibit ATP binding. These ATP-
competitive drugs themselves are classified mainly in two types, either binding to the active site in
DFG-in conformation, hence inhibiting the binding of ATP, or binding to the DFG-out conforma-
tion and hence stabilizing the inactive state. However, the presence of kinases in many essential
cellular functions and their homologous nature makes specificity and efficacy particularly hard
to achieve. Often, we are interested in drugs that bind preferentially to specific kinases without
affecting other kinases. Given this, the characterization of diverse inactive states is of particular
importance, both in terms of a structural understanding of these states, as well as knowledge of
the thermodynamic stabilities relative to active state. For instance, given a target kinase, find-
ing a uniquely stable inactive state with a novel binding site could lead to a more specific, less
promiscuous (and hence toxic) drug. However, the most robust way to do this computationally,
obtaining a MD trajectory that traverses the space of active and inactive states multiple times, is
impossible. Additionally, the transition from DFG-in to DFG-out is highly non-local and a con-
certed combination of several long-range and large-scale motions, so that characterizing it and
studying it even with the aid of enhanced sampling is difficult[120, 121].

Another important covariate to study kinase conformational ensembles is that of point mu-

tations, which are often the cause of incorrect signalling leading to pathology. One key reason for
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this is that the balance of probability between active and inactive conformations is delicate and
often flipped on changing single residues, as shown by the system we have chosen in this work,
DDRI.

The AF2-RAVE based approach for solving this problem involves combining structural
ensembles obtained from AF2 with a machine learning algorithm to learn order parameters for
biasing. To demonstrate this, we use the discoidin domain receptor tyrosine kinase 1 (DDRI),
which in wild-type is more stable in an inactive DFG-out conformation. However, in several
single site mutations, specifically D671N, Y755A and Y759A, the relative DFG conformational
stabilities are flipped. One of the reasons we choose this set of systems is that a recent paper([4]
provides extremely detailed and valuable work on their DFG stabilities, with atypically long
unbiased MD trajectories. We show that our results agree with theirs qualitatively, in that we
predict the flipping of DFG conformation preference on mutation. While we sacrifice some
accuracy qualitatively, our method is faster by roughly 2-3 orders of magnitude (exact simulation
lengths described in Results), and has the potential of being reused without relearning a lot of the

information.

4.1 Results and Discussion

Similar to the protocol mentioned in the chapter 3, I start by using reduced-MSA Al-
phaFold2 to generate a diverse set of initial conformations and cluster them using regular-space
clustering. I choose this clustering method because the reduced-MSA AF2 outputs tend to be
sparse in regions of interest, and I want to prioritize the tails of the distribution over highly sam-

pled regions. The centers of these clusters are then used to seed unbiased MD trajectories, which
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Figure 4.1: a) Structural anatomy of the DDR1 kinase molecule showing the activation loop (A-loop)
(red), Gly-rich P-loop (blue), aC-helix (purple), and the characteristic N-lobe 5 sheets (green). These
motifs are relevant to the DFG-in to DFG-out transition. b) The conserved salt bridge between K57 in (33
and E74 in the aC-helix that is crucial in ligand dissociation and basic kinase function [3].

are the input trajectories for RAVE. This learns a two-dimensional reaction coordinate expressed
as an information bottleneck. I then run well-tempered metadynamics biased along this two-
dimensional reaction coordinate. Finally, I use the metadynamics-learned bias for the wild-type
protein as a static bias to sample distributions for the wild-type and mutant sequences.

I discuss the results in two sections. First, I discuss the modified AF2 outputs for all four
sequences and the process of learning a biasing potential. Next, I discuss results from biased
dynamics for DDR1 WT and mutants.

When I refer to kinase DFG-in, DFG-out, and DFG-inter structures, I use the Dunbrack
method [92] for classification using distance cutoffs. Representative structures for these states
are shown in Fig. 4.2. When referring to dimensions or RCs that are learned through RAVE, I

label them as information bottlenecks (IBs) and assign variables o.
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Figure 4.2: Representative structures from reduced-MSA AF2 for the DFG-in (purple), DFG-inter
(blue), and DFG-out (green) states shown in two views and superimposed on the same structure.

4.1.1 Learning a Bias Potential from AF2-RAVE on WT DDRI1

I first generate 1280 structures for each kinase: 640 for MSAs of depth 8 and 16, with 128
random seeds generating 5 structures each. AlphaFold2, even with the reduced MSA approach,
is unable to distinguish between the expected conformational diversity of these four sequences,
giving effectively identical results for all of them. This can be seen from Fig. 4.3a, where I
show the populations of active, inactive, and the known intermediate or transition state, referred
to as the “DFG-up” or “DFG-inter” state, after filtering out obviously unphysical structures, such
as structures with broken bonds. These structures are classified using the Dunbrack classifica-
tion described below. Note that although a significant DFG-out population is observed, even
in the wild type, which is known to have higher inactive-state stability, AF2 predicts the more
commonly observed DFG-in structure. These results disagree with the population densities im-
plied by previous long MD simulations of the same kinase, despite my thorough search of MSA

hyperparameters to force increased structural diversity [4].
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The transition state is currently commonly called “inter” [92], as it has been consistently
found to be necessary for observing the DFG-in to DFG-out trajectory. Previously, it was referred
to as “DFG-up” because of the upward-pointing position of the Asp residue side chain in the tra-
ditional structural view, with the N-lobe above the C-lobe. The previously named “DFG-down”
position is referred to as unassigned, as it is a high-energy and physically unlikely structure. The
fact that the transition state is observed from reduced MSA AlphaFold2 is extremely significant
and useful, as previous attempts to use RAVE only with crystal structures of DFG-in and DFG-
out states had failed, because simulations tend to move toward and then become trapped in the
DFG-down configuration. I show further analysis of the AF2 reduced-MSA outputs in the SI.

Next, SPIB is used on these structures to propose possible RCs for biasing, with a lag time
of 20 ns. The active-inactive conformational transition is highly delocalized and requires an un-
derstanding of several intramolecular interactions. In particular, the aC-helix forms a conserved
salt bridge with the 33 strand that plays a crucial role in the molecule’s transition [3, 8]. Further,
globally, the opening and closing of the two lobes, N-lobe and C-lobe, define the active-inactive
transition [16]. From a dynamics perspective, the main motifs involved in this transition include
the activation loop (A-loop), P-loop, and aC-helix, which mainly belong to the N-lobe (Fig. C.1).
To this end, I include several other CVs, described below, including the distances used for the
DFG classification above. These CVs roughly correspond to those used in several previous stud-
ies focusing on different parts of the kinase molecular structure [7, 92, 122, 123]. In Table C.1,
I list all the residues involved in distances that I consider, indicating my acronym, the conserved
residue if applicable, the residue index for DDR1 numbered from 1, and a description of the motif
it belongs to. In Table C.2, I list all the distances used as initial inputs for SPIB and indicate them

visually in Fig. C.1.
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In this nomenclature, the Dunbrack distances, which I use to project my final potentials
of mean force (PMFs), are ChelX CA-DFGPhe CZ and sbridgeK CA-DFGPhe CZ. Referring
to these as d; and ds, the structures are classified as follows: DFG-in if d; < 11 and dy > 11,
DFG-out if d; > 11 and dy < 14, DFG-inter if d; < 11 and dy < 11, and unassigned if d; > 11
and dy > 14.

In Fig. C.2, I show the distributions of AF2 outputs for all four DDR1 sequences over the
full set of input CVs. I find that they all look quite similar, despite the known differences among
these mutants. This is interesting, considering that AF2 is usually expected to perform more
confidently on evolutionarily faithful sequences. However, in this case, I suspect that the unusual
DFG-out stability of DDR1 contributes to the easy access it has to conformational diversity.
Nevertheless, my AF2 outputs still predict higher stability for the DFG-in structures across all
DDRI1 sequences.

To learn a biasing potential, I run multiple metadynamics trajectories in parallel that share
bias potentials. This is done only for the wild-type sequence, and the same bias is then used
for further calculations on all sequences. These initial structures are chosen as in the original
AF2-RAVE paper [94], as follows. First, I run AF2 using ColabFold with manually set MSA
depths of 8 and 16. Next, I run regular-space clustering with a minimum distance parameter of 9
on standardized CV values, using the set of CVs described above.

I use the following stopping conditions for the initial metadynamics runs: (1) if the walker
starts in a DFG-in or DFG-out structure, it must reach the opposite structure; and (2) if the walker
is not initially in one of the two main metastable states, it must reach one of them. I stop only if
the transition remains stable for 1 ns during the biased simulation. These simulations are between

5 ns and 20 ns long.
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Figure 4.3: Populations of active, inactive, and the known transition state, referred to as the “DFG-up” or
“DFG-inter” state, for wild type and mutants D671N, Y755A, and Y759A. a) Populations obtained
through reduced-MSA AF2, combining MSA depths 8 and 16. b) Populations obtained using my
AF2-RAVE protocol. I clearly observe that AF2 alone is unable to distinguish between wild type and
mutants, and in particular gives the wrong order of stability for the mutants. In contrast, AF2-RAVE is
able to identify the reversal in stability upon point mutation and gives more thermodynamically
representative populations for these states, in excellent agreement with benchmark calculations
performed by Hanson et al. [4] using unbiased MD simulations.

40.6%

In Fig. C.4, I show the bias learned for the process. To demonstrate the transferability
and efficiency of my protocol, I learn an IB and a bias potential using only the wild type. This
also provides a basis for learning universal biases for systems with transferable CVs, potentially

allowing more efficient sampling for homologous families of proteins.

4.1.2 Biased Dynamics on DDR1 Mutants

In this study, my main result is the prediction of the relative stabilities of the DFG-in and
DFG-out structures for wild-type DDR1 and its mutants. In Fig. SC.5, I show the predicted

PMFs for these structures. I compute DFG-in versus DFG-out relative thermodynamic stability
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Figure 4.4: An example trajectory for the DFG-out to DFG-in transition obtained using AF2-RAVE,
with residues D (in red), F (in purple), and G (in blue). See Code Availability for details of an example
video showing the transition.

by integrating probabilities over Dunbrack definitions for kinase structural states and calculating
the AG between these states: (i) WT: 0.5 KgT, (ii) D671N: -0.2 KgT, (iii) Y755A:-0.42 KT,
and (iv) Y759A: -0.13 KgT'. Each of these values was computed with 5 trajectories in each
direction and had standard deviations of (i) WT: 0.23 KgT', (i1)) D671N: 0.12 KgT, (ii1) Y755A:
0.29 KgT, and (iv) Y759A: 0.11 KgT. This flipping in the Boltzmann ranking of active and
inactive states is consistent with previous findings [4], which were obtained using long unbiased
MD simulations. I also integrate over my reweighted data to obtain the Dunbrack populations for
comparison with those from AF2, shown in Fig. 4.3. Each run is approximately 20 ns long, and I
use 5 runs in both directions for each structure to compute my PMFs and free-energy differences.

In Fig. 4.4, I show snapshots of one example sampled trajectory. Some salient details of the
transition were also observed. I find that, during the transition, the breakage and formation of the
salt bridge is clear, and the large-scale upward motion of the avC-helix is essential for sampling

dynamics, as noted previously.
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4.2 Conclusion

In this work, I extend my previous AF2-RAVE protocol to obtain Boltzmann-ranked con-
formational diversity in protein kinases, specifically from the perspective of the pharmaceutically
relevant and evolutionarily conserved DFG loop. The key differences in the protocol are as fol-
lows: (i) I demonstrate that a static bias learned using metadynamics can be an effective method
with advantages over a dynamic bias; (ii) I learn not only a transferable SPIB, but also a bias that
1s transferable across homologous systems; (iii) I use the SPIB step only once, as reduced-MSA
AF?2 is able to provide sufficient information for the level of detail I am seeking; and (iv) here
collective variables as input were handpicked as I aim to characterize and quantify a specific
known transition rather than explore unknown conformational spaces.

I have previously shown that the protocol can capture a versatile range of transitions, in-
cluding rotameric metastability, large-scale helical motions, and partial disordering [94]. Here,
I study the DFG-loop conformational change, which is of strong therapeutic importance. More-
over, I choose DDRI1 because there exists an unusually thorough sampling study with unbiased
trajectories by Hanson et al. [4], which provides a more robust comparison than enhanced-
sampling-based work on large biomolecules is usually afforded. With AF2-RAVE, I obtain the
same conformational ranking and similar thermodynamic stabilities as found by Hanson et al. [4]
for the DFG-in versus DFG-out conformations of DDR1. However, the total MD simulation time
in my work is around two to three orders of magnitude shorter.

It is important to note that the trajectories rely on collective variables that allow the sam-
pling of the DFG-inter transition state. Without AF2 structures to seed the initial unbiased tra-

jectories, the collective variable learned usually leads to a DFG-down structure, resulting in an
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unsuccessful transition trajectory. This emphasizes the importance of AF2-related methods as
reliable generators of initial structural hypotheses. These generated conformations can act as
‘breadcrumbs’ that guide SPIB toward learning a more informative reaction coordinate.

This approach can be repeated for other kinases as well. Most importantly this approach can
be used to sample novel states that can then used as relatively high-throughput inputs for cryptic
pocket prediction algorithms [124](see SI). That means given the protocols ability to sample,
rank states, we are one step closer to use conformational selection hypothesis for structure based
drug discovery. In the next chapter I will discuss about the structure picking and docking protocol

that is required in the downstream of AF2-RAVE.
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Chapter 5: Empowering AlphaFold2 for protein conformation selective drug

discovery with AlphaFold2-RAVE

[This chapter is based on: Xinyu Gu, Akashnathan Aranganathan and Pratyush Tiwary. (2024).
Empowering AlphaFold2 for protein conformation selective drug discovery with AlphaFold2-
RAVE. eLife. Vol. 13, pp RP99702. DOI: 10.7554/eLife.99702.1[125]. I contributed to the
methodology development and reaction-coordinate design through SPIB. I also performed the
parameter search needed to develop a template-only version of AF2. Finally, I performed MSA
analysis to interpret the special behavior of DDRI from AF2’s perspective. I provided the codes
for AF2-RAVE]

In the previous chapter, I showed that AF2-RAVE can be used to obtain Boltzmann-ranked
conformational ensembles for kinase DFG-loop motions. In particular, I demonstrated that
AF2 generated structures can act as reliable initial structural hypotheses, while physics-based
sampling and reweighting are required to assign thermodynamic importance to the resulting
metastable states. In this chapter, I extend that framework to the next question: can AF2-RAVE
ranked kinase conformations be used for docking and structure-based drug discovery?

As discussed in Chapter 1, the conformational selection hypothesis suggests that ligands
may preferentially bind and stabilize pre-existing metastable conformations in the protein en-

semble. For structure-based drug discovery, this means that identifying and ranking metastable
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protein conformations can be useful only if these conformations also provide ligand compatible
binding pockets. Therefore, after using AF2-RAVE to enrich and rank metastable structures, a
docking protocol is required to test whether the selected conformations are suitable for ligand
binding.

In this chapter, AF2-RAVE is combined with docking methods from the Schrodinger suite
to create an AF2-RAVE Glide workflow(Fig. 5.1). The role of AF2-RAVE is to generate and
rank metastable protein conformations, while the role of docking is to evaluate whether these
conformations can accommodate known ligands. I primarily use Glide XP [126, 127, 128] and
Induced-Fit Docking (IFD) [129, 130] to dock ligands into selected kinase structures. Recent
generative docking methods such as DiffDock [131] and DynamicBind [132] provide alternative
approaches, but here the focus is mainly on Glide and IFD because they provide a standard and
widely used framework for retrospective docking comparisons.

Once again protein kinases are used to demonstrate this workflow - Abll, DDRI, and
Src. These systems are particularly useful because kinase inhibitors are often classified by the
conformational state they bind. The human genome contains about 500 protein kinases which
share highly conserved structures in their catalytic ATP-binding pocket, due to the selection
pressure towards functional catalysis. This poses significant challenges in developing selective
small-molecule ATP-competitive kinase inhibitors, as they must effectively target the intended
kinase while avoiding off-target interactions and associated side effects. Research efforts aimed
at achieving selectivity have led to the development of 4 distinct types of kinase inhibitors,[133]
including two types of ATP-competitive kinase inhibitors: type I inhibitors bind to the ATP-
binding site adopting the active catalytic state, while type II inhibitors target the binding pockets
adjacent to the ATP-binding site adopting the inactive state. These two states primarily differ in
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the configurations of their activation loop (A-loop), which is a flexible loop of approximately 20
residues. In the active state, the A-loop is “extended” to create a cleft for substrate peptides to
bind, while in the inactive state, it is collapsed or “folded” onto the protein surface, blocking sub-
strate binding. Additionally, in the active state, the three residues ‘Asp-Phe-Gly’ (DFG motif) at
the N-terminus of the A-loop bind to an ATP-binding Mg?* ion, with the Asp side-chain pointing
inward to the ATP-binding pocket, while in the inactive state, the Asp side-chain is flipped out-
ward, and the DFG-motif adopts the DFG-out conformation.[8] Henceforth, we will refer to the
type I inhibitor binding state as the active DFG-in state and designate the type II inhibitor bind-
ing state as the classical DFG-out state, as previously proposed in the literature[134, 135, 136]
(demonstrated in Fig. 5.2 A and B using Abl1 kinase as an example).

The chapter begins by showing that default AF2 structures of Abll and DDRI1 are insuffi-
cient for docking type II kinase inhibitors, even when standard docking protocols are used. Then
the chapter examines whether reduced MSA AF2 can generate decoy structures that resemble
type-II inhibitor compatible DFG-out states. For DDR1, reduced MSA AF2 produces a small
number of DFG-out-like structures, but only a subset of these structures are suitable for docking.
I then show that AF2-RAVE can enrich these holo-like structures by ranking them using their
relative free energies. Finally, DDR1 derived conformational information is used to guide struc-
ture generation and docking for homologous kinases such as Abll and Src, demonstrating how
AF2-RAVE ranked metastable states can be transferred across related kinase systems.

A key point here is, that apart from the DFG loop flip seen in the previous chapter I also
explore the conformational change of the entire A-loop. Additionally, I show that DDRI is the
only kinase out of the three that gives all biologically relevant states. Thus, I study DDR1 in great

detail to transfer the learned information to the other homologs. I also have identified the reason
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Figure 5.1: A schematic of the AF2-RAVE Glide workflow: (i) decoy structures generated by reduced
MSA AF2, (ii) regular space clustering and unbiased MD simulations starting from cluster centers, (iii)
State Predictive Information Bottleneck model (SPIB, a RAVE variant) to learn reaction coordinates from
unbiased MD, (iv) enhanced sampling runs to calculate free energy landscape, (v) distinguish holo-like
structures from decoys in metastable states based on Boltzmann rank and conduct Glide or Induced-fit
Docking (IFD) on holo-like structures for ligands targeting metastable states. (iv’) and (v’): the decoy
structure set and the learnt SPIB coordinates are transferable to homologous systems.

why reduced MSA approach for AF2 generates more states for DDR1. Once again the key is in
the MSA signals.

Overall, this chapter presents AF2-RAVE Glide as a sequence to docking protocol for con-
formational selection based drug discovery. The central idea is that AF2 based methods can
generate structural diversity, AF2-RAVE can assign thermodynamic relevance to the generated
conformations, and docking can test whether the top-ranked metastable states provide ligand
compatible pockets. This connects the sequence-ensemble-function perspective developed in

earlier chapters to a practical structure based drug discovery application.
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5.1 Results and discussion

5.1.1 AF2 structures fail to dock with type Il kinase inhibitors

The utility of AF2-generated structures for structure-based drug discovery and virtual screen-
ing campaigns has been a subject of controversy and skeptical enthusiasm.[137, 138, 139, 140]
For proteins lacking crystal and cryo-EM structures but with homologous structures available in
PDB, such as CDK20 kinase, AF2 demonstrates effectiveness as a homology modeling method
for generating initial structures suitable for subsequent virtual screening. [141]. Other AF2-
based homology modeling method can bias AF2-generated structures towards user-selected tem-
plate structures with specific druggable conformations.[142] However, a significant drop in the
hits enrichment factor during virtual screening has been reported when employing AF2 struc-
tures as rigid receptors for docking, compared to using holo PDB structures. This occurs even
in cases where the binding pockets of AF2 structures differ only slightly at 2 to 3 residues, from
those of holo PDBs.[139, 140] Given that ligands can induce slight relocation and side-chain
rotation of pocket residues upon binding, it is important to note that AF2 does not account for
this induced-fit effect, as it does not encode co-factors like ligands. Therefore, it appears neces-
sary to perform ligand induced-fit modeling or relaxation on AF2 structures before engaging in
any further structure-based drug design. Molecular dynamics (MD) simulations biased towards
adjacent holo-template structure have proved effective in refining apo structures and improving
their early enrichment performance.[143] It has also been demonstrated that AF2 structures can
achieve comparable accuracy to crystal holo structures in Free Energy Perturbation (FEP) calcu-

lations, by superposing AF2 structures with crystal structures, grafting the co-crystallized ligands
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onto the AF2 structure, and optimizing the AF2 structure/ligand complex to account for subtle
induced-fit effects.[144] AF2 structures, decorated with ligands from template ligand grafting
method or known-hits docking method, and further refined by Schrédinger IFD-MD protocol, ex-
hibit promising performance in early enrichment[145] and the prediction of novel ligand/protein
complex structures.[146] Therefore, if large backbone motion is not required, it appears feasible
to refine the apo pockets in AF2 structures into holo-like pockets for structure based drug design.
However, when AF2 structures exhibit significant steric clashes with holo ligands, especially in
cases ligands targeting metastable states, direct application of out-of-the-box AF2 structures in
docking methods for virtual screening and early enrichment may pose more challenges. The AF2
predicted kinase structures predominantly exhibit the DFG-in state, with over 95% of human ki-
nases predicted in this conformation.[92, 147] Significant A-loop motion and backbone flipping
of the DFG motif are necessary to transition from the AF2-predicted DFG-in state to holo-like
states, for type II ligands targeting the classical DFG-out state. As a result, AF2 structures of
Abl1/DDRI1 kinases exhibit superior performance when docking with type I inhibitors (achiev-
ing a minimum ligand RMSD of 2.14 A) compared to docking with type II inhibitors using Glide
XP (Fig. 5.2 C&D). Even with Glide’s Induced-fit Docking (Fig. E.5) and the highly side-chain
clashes forgiving docking method DiffDock (Fig. E.7), AF2 structures struggle to dock with
these metastable state-targeting ligands (type II inhibitors), with ligand RMSDs above 8 A across

all docking poses from all three docking methods.
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Figure 5.2: A)The NMR (Nuclear Magnetic Resonance) structures of Abl1 kinase overlay, comparing
the activation loop (A-loop) in the active DFG-in state (red, PDB: 6XR6) with the classical DFG-out state
(blue, PDB: 6XRG). Type I inhibitors target the active DFG-in state, where the DFG motif adopting the
DFG-in configuration and the A-loop adopting the “extended” configuration, while type II inhibitors
target the classical DFG-out state, where the DFG motif adopting the DFG-out configuration and the
A-loop is “folded”. The distance between CB atoms of residue N98 (grey bead) and residue R162
(red/blue bead) in Abl1 kinase serves as an order parameter here to illustrate the location of the A-loop.
The dashed black block emphasizes the different configurations of the DFG motif in this two states. B)
The Dunbrack definition for DFG motif configuration is employed here. The Dunbrack space is
delineated by two order parameters: D1=dist(F158-CZ, M66-CA), D2=dist(F158-CZ, K47-CA). C) or D)
The docking poses with the lowest ligand RMSD for 4 known kinase inhibitors targeting the Abl1 or
DDRI1 kinase AF2 structure, generated by Glide XP. Co-crystallized structures are shown as light-cyan
cartoons (proteins), green sticks (ligand) and magenta sticks (DFG motif). Docking poses are shown as
light-gray cartoons (proteins), gray sticks (ligand) and blue sticks (DFG motif). Comparing with type I
inhibitors, AF2 structures of protein kinases fail to dock with type II inhibitors.
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5.1.2 Holo-like metastable structures may be present among decoys generated

from rMSA AF2

AF2-based methods can achieve structural diversity by introducing dropouts in MSA inputs
stochastically (rMSA AF2) or in a clustering manner (AF2-cluster). Additionally, models mod-
ified from the AF2 framework, such as the flow-match generative model AlphaFlow[148], have
been developed to explore the diversity of conformational space. Similar protocols to rMSA AF2
have demonstrated the potential to address the induced-fit effect by generating diverse structures
at the binding pocket, ranging from closed apo pockets to opened holo-like pockets.[149] Other
investigations have also indicated that larger backbone motions, such as DFG-motif backbone
flipping and A-loop movement in at least some protein kinases, can be captured by the rMSA
AF2 ensemble, although the distributions of conformations deviate significantly from the correct
Boltzmann distributions.[114, 150]

In this section, I utilized rMSA AF2 to generate 1280 diverse structures for Abll kinase or
DDRI kinase: 640 for MSAs of depth 16 and 32. See Supplementary Material for information
regarding Src kinase. Following a filtering step based on RMSD from corresponding AF2 struc-
tures, 1198 and 1147 structures remain for Abll and DDRI, respectively (Fig. E.3). As shown in
Fig. 5.3 A&B, for AblI kinase, only 4 out of 1198 structures have a folded A-loop, when using a
distance cutoff of 15 A between CB atoms of N98 and R162 in Abl1. However, for DDR1 kinase,
124 out of 1147 rMSA AF2 structures exhibit a folded A-loop, when using a salt bridge distance
cutoff of 10 A between the aligned residue pairs in DDR1 (E110 and R191). I then clustered the
A-loop folded structures in the Dunbrack space. For Abll, only two clusters were identified: one

adopts the DFG-in state, and the other adopts the DFG-inter state, referring to an intermediate
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conformation during the backbone flipping from DFG-in to DFG-out, according to the Dunbrack
definition. For DDR1, structures were divided into 5 clusters, with one cluster of size 15 being
the closest to the classical DFG-out state.

Subsequently type II inhibitors, ponatinib and imatinib, were docked to the most “classical
DFG-out”-like cluster from rMSA AF2 ensembles (indicated as red circles in Fig. 5.3 A&B),
using IFD. Despite the A-loop being folded, the DFG-motif in structures from the Abll clus-
ter is not strictly DFG-out. As expected, type Il ligands fail to dock with those structures, with
all IFD poses exhibiting ligand RMSDs above 9 A (Fig. E.5 A, Fig. 5.5 B). While AF2-based
methods can indeed generate decoy structures that deviate from the native state, it remains un-
certain whether these decoys correspond to metastable basins. Additionally, it’s unclear whether
these decoys includes structures that can represent the specific metastable states required for the
intended types of drug design.

In contrast to Abll, rMSA AF2 ensemble for DDR1 contains holo-like structure for type II
inhibitors. One structure (which I label the “holo-model”, shown as a red circle filled with green
in Fig. 5.3 B), out of the 15 in the DDRI1 classical DFG-out cluster docked ponatinib with a
remarkably low RMSD of 0.89 A using IFD (Fig. 5.3 C). However, IFD poses from all the other
structures exhibit large ligand RMSDs above 6 A (Fig. E.5 B). Hence, an enrichment process to
select holo-like structures from decoys becomes essential to ensure a practical number of pocket
structures for ensemble docking and virtual screening.

The “holo-model” structure was also docked with another type II ligand, imatinib. In this
case, the steric clashes are more significant, rendering the refinement for the induced-fit effect
more challenging compared to the ponatinib scenario. I thus introduced an extra trimming step

(see Methods section for details) for the DFG-Phe residue which exhibit significant clashes with
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Figure 5.3: A) Upper panel: distribution of A-loop location for the reduced MSA AF2 structures of Abll
kinase. 4 out of 1198 structures are A-loop folded. Lower panel: k-means clustering of 4 A-loop folded
Abl1 structures in Dunbrack space, with the number of clusters (n cluster) set to 2. The structures in the
cluster closest to the classical DFG-out state (red circles) fail to dock with type II inhibitors using
induced-fit docking (IFD). B) Upper panel: distribution of A-loop location for the reduced MSA AF2
structures of DDR1 kinase. 124 out of 1147 structures are A-loop folded. Lower panel: k-means
clustering of 124 A-loop folded DDRI structures in Dunbrack space, with n cluster set to 5. Among the
15 structures in the cluster closest to the classical DFG-out state (red circles), one structure
(“holo-model”, highlighted by a red circle filled with green) demonstrates successful docking with type 11
inhibitors, showcasing a ligand RMSD < 2 A, utilizing IFD or an extended-sampling version of IFD,
IFD-trim. C) The docking poses with the lowest ligand RMSD for 2 type II kinase inhibitors targeting the
DDR1 kinase “holo-model” structure, generated by IFD or IFD-trim. The color code is the same as Fig.
5.2.

the holo-imatinib in the “holo-model” structure (Fig. E.6 B). The IFD-trim protocol successfully
achieves a minimum ligand RMSD of 1.04 A for docking poses of the “holo-model” structure

with imatinib (Fig. 5.3 C, Fig. E.6 C&D).
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5.1.3 AF2-RAVE on DDRI1 enriches holo-like classical DFG-out structures in

rMSA AF2 decoys

To assess the utility of physics-based methods in selecting holo-like structures from AF2-
generated ensembles, I utilized a physics-based protocol, AF2-RAVE[94] to explore the energy
landscape of DDRI kinase. I employed the identical set of collective variables (CVs) as in my
previous study[114] to perform regular space clustering for the DDR1 rMSA AF2 ensemble.
Two structures were selected from the clustering centers for each combination of DFG type (in,
inter, or out) and A-loop position (folded or extended), resulting in a total of 12 initial structures
(Fig. E.8). Subsequently, 50 ns unbiased MD simulations were conducted starting from each
initial structure. The CVs extracted from all MD trajectories were input into the SPIB model
with a linear encoder, to learn the reaction coordinates indicative of the slow motions linked to
transitions between metastable states. The learnt SPIB reaction coordinates possess clear physical
interpretations, with the first coordinate signifying the A-loop position and the second indicating
the DFG-type (Fig. 5.4 A&B). This alignment with physical features is expected as I deliberately
selected diverse and representative initial structures for unbiased MD simulations. Additionally,
it’s noteworthy that these reaction coordinates are transferable across various kinases and can
effectively discern different metastable states.

Interestingly, the 15 classical DFG-out structures within the DDR1 rMSA AF2 ensemble
are situated in a region of the latent space that were not thoroughly explored by the 12 unbi-
ased MD trajectories. To address this gap, I employed enhanced sampling to sample along the
SPIB-approximated reaction coordinates and compute the free energy profile inside the classical

DFG-out basin. Considering both the flipping of the DFG motif and the overall motion of the

71



large flexible A-loop, it might be impractical to sample direct back-and-forth transitions between
various states using metadynamics. Therefore, I opted for umbrella sampling for its simplic-
ity. The reliability of umbrella sampling hinges on two issues, first whether the latent space
adequately represents the conformational space and second, whether there is sufficient overlap
between different windows for efficient reweighting. Addressing the first challenge remains an
ongoing endeavor in the dimensionality reduction research field, and I anticipate that my SPIB
latent space is sufficient enough for my current purpose. The second challenge can be managed
through careful setup of umbrella sampling windows and bias strength. Given my current setup,
sampling the extensive motion of A-loop relocation remains challenging, showing insufficient
overlap between the A-loop folded and extended regions (Fig. E.9). Consequently, the quanti-
tative reliability of the absolute AG values between different states is limited, allowing me only
to qualitatively assess the relative thermodynamic stability of the DFG-in versus the DFG-out
basins. Nevertheless, the qualitative relative stability observed from umbrella sampling aligns
with previous studies[4, 114] (Fig. E.10). Furthermore, the local potential of mean force (PMF)
surrounding each basin should provide quantitatively reliable insights, given their thorough sam-
pling through umbrella sampling. Reassuringly, when I ranked the classical DFG-out structures
within the DDR1 rMSA AF2 ensemble, using the local PMF values in the latent space, the “holo-
model” structure emerged among the top 2 structures with free energy relative to the minimum
smaller than 1 kJ/mol, as illustrated in Fig. 5.4 D.

Additionally, I used DiffDock to conduct docking experiments with type II ligands on the
15 classical DFG-out structures within the DDR1 rMSA AF2 ensemble. Despite poses from most
structures surprisingly demonstrating very low ligand RMSD, typically below 2 A (Fig. E.7),
they exhibited significant steric clashes and low DiffDock confidence score due to Diffdock’s
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disregard for side-chain configurations and clashes. Notably, upon ranking structures based on
their AF2-RAVE PMF and examining the corresponding poses with the lowest ligand RMSD,
I observed that only the poses derived from the top 2 structures selected by AF2-RAVE had
Diffdock confidence scores higher than -1.5, surpassing the default threshold of the DiffDock
model (Supplementary File 1). This implies the general advantage of structures selected by
physics-based methods across various docking methods.

In summary, Boltzmann ranking from AF2-RAVE effectively distinguishes holo-like struc-
tures from other decoys. Beginning with the DDR1 rMSA AF2 ensemble, AF2-RAVE substan-
tially enhances the likelihood of identifying the holo-like structure from 1 out of 15 to at least 1
out of 2 when using a PMF cutoff of 1 kJ/mol. I noted that although the PMF values and Boltz-
mann ranks may fluctuate with the setup of umbrella sampling, the enrichment effect of holo-like
structures remains (Fig. E.11). Besides, I applied an alternative protocol to compute the PMF
profile within the DDR1 classical DFG-out basin, by running unbiased MD simulations starting
from the 15 classical DFG-out decoys in the DDR1 rMSA AF2 ensemble. However, this unbiased
protocol poses a risk of failing to sample rare events if barriers exit within the region of inter-
est. In this case, the mini-barriers inside the classical DFG-out basin are low enough to enable
efficient sampling using 50 ns unbiased MD simulations. Consequently, the Boltzmann ranks
derived from unbiased MD simulations also successfully enriched the single holo-like structure

in the DDR1 rMSA AF2 ensemble to the top 5 of the structure set (Fig. E.12).
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Figure 5.4: A or B) The unbiased MD trajectories of DDR1 are projected onto the learnt SPIB latent
space. In plot A), the colors of sample points represent the A-loop location, while in plot B), they depict
the Dunbrack DFG state. The first SPIB coordinate, o1, correlates with the A-loop location, and the
second SPIB coordinate, o3, correlates with configuration of the DFG motif. C) The reduced MSA AF2
structures of DDR1 are projected onto the latent space. Sample points are color-coded based on the
A-loop location. Light green stars highlight the 15 classical DFG-out structures selected based on prior
information in Fig. 5.3. D) Free energy profile in the A-loop folded region of the latent space, calculated
from umbrella sampling simulations. The 15 classical DFG-out structures from reduced MSA AF2 are
shown as red cross and circles (structures with free energy less than 1 kJ/mol). The “holo-model”
structure is emphasized using a red circle filled with red. The embedding table shows the lowest ligand
RMSD in IFD poses of the IMSA AF2 structure with ponatinib. The “holo-model” is among the 2
structures selected by AF2-RAVE (PMF < 1 kJ/mol).
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5.1.4 Transferable learning of holo-like structure for Abl1 and Src kinases with

AF2-RAVE from DDRI1 templates

As mentioned earlier, my current Abll rMSA AF2 ensemble lacks any decoy structure in
the classical DFG-out state. This is further illustrated in Fig. 5.5 A, where the Abll rtMSA AF2
ensemble is projected onto the same latent space learnt during the DDR1 AF2-RAVE protocol.
Hence, it’s necessary to prepare the Abll decoy set adopting the classical DFG-out state before I
can rank them using Boltzmann weights derived from physics-based methods and conduct further
docking for selected holo-like structures.

There are several approaches to generate the Abll decoy sets. One can conduct enhanced
sampling on the latent space starting from Abll tMSA AF?2 structures to reach the classical DFG-
out basin. Subsequently, MD structures from this basin can serve as templates for asking AF2 to
generate crystal-like structures in classical DFG-out state. However, for simplicity, I opted to use
the 15 classical DFG-out structures from the DDR1 rMSA AF2 ensemble directly as templates
and employed an AF2-based homology modeling protocol, referred to as AF2-template (tAF2 for
short, detailed protocol can be found in the Methods section), to generate a decoy set comprising
30 AblI structures, as illustrated by the green stars in Fig. 5.5 A.

Compared to the AF2 and rtMSA AF2 structures, the performance of IFD on type II in-
hibitors shows a significant improvement when using the 30 tAF2 decoy structures of Abll. The
lowest ligand RMSD achieved is 2.74 A for imatinib and 0.78 A for ponatinib (Fig. 5.5 B).
However, only 4 structures (labeled as “holo-model” structures hereafter) out of the 30 decoys
are capable of docking with type II inhibitors with ligand RMSD < 3 A, and all other structures

produce IFD poses with ligand RMSD> 6 A (Fig. E.14).
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I then investigated whether physics-based methods could enrich the 4 “holo-model” struc-
tures from the 30 tAF2 decoys to a practical number of holo-like candidates. To explore the local
classical DFG-out basin, I conducted 50 ns unbiased MD simulations starting from each tAF2
decoy structure and combined the trajectories to obtain the final Boltzmann distribution. Remark-
ably, the PMF for the Abll classical DFG-out basin calculated from the unbiased protocol (Fig.
5.5 C) showed the enrichment of all 4 “holo-model” structures among the top 8 tAF2 structures
with PMF value < 1 kJ/mol. The PMF values of the top 8 tAF2 structures and the lowest ligand
RMSD from the corresponding structures are presented in Fig. 5.5 D. I also employed umbrella
sampling for the Abl1 kinase by transferring setups and initial structures using the AF2-template
from DDR1 umbrella sampling. However, I noted a significant occurrence of aC-helix breakage
in the Abll umbrella sampling trajectories compared to DDR1 (Fig. E.19). After excluding win-
dows with broken aC-helix, the Abll PMF derived from umbrella sampling ultimately enriched
all 4 “holo-model” structures to the top 6 among the 30 tAF2 structures (Fig. E.20). In Supple-
mentary Information, I also provide results for Src kinase which are in the same quality as for

Abl1 kinase.

5.1.5 Discussion

Through my retrospective analysis, I have thus demonstrated that the default AlphaFold2
models are ineffective for docking ligands targeting metastable protein kinase conformations.
While AF2-based methods can be coaxed into generating diverse structures, they still struggle to
produce reliable accuracy decoys for metastable conformations since the AF2 ensembles do not

follow Boltzmann distribution. This failure is evident in the inability to generate an Abll AF2-
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ensemble containing holo-like structures for type II inhibitors. To further investigate whether
this limitation is common among AF2-based methods, including the rMSA AF2 method I em-
ployed earlier, I tested another AF2-based approach, AF2-cluster.[95] The AF2-cluster ensemble
of Abll comprises more A-loop folded structures (21 out of 197) compared to my Abll rMSA
AF2 ensemble (4 out of 1198). However, similar to rMSA AF2, there are still no decoys in the
classical DFG-out state, and all A-loop folded structures are located far from the PMF basin of
the classical DFG-out state in the latent space (Fig. E.15 C). This indicates that AF2-cluster, like
rMSA AF2, also fails to generate Abll metastable states effectively. Interestingly, I observed
comparable structural diversity in sampling the A-loop folded configurations within the AF2-
cluster ensembles for DDR1 and Abll (Fig. E.15 C&D). While for the rMSA AF2 method, the
promiscuous kinase DDR1 ensemble exhibit superior structural diversity compared to the Abl1l
kinase. This enhanced diversity leads to the identification of one dockable structure for type 11
inhibitors among decoys in DDR1 rMSA AF2 ensemble. Through the application of a homology
modeling method, AF2-template, I demonstrated that the classical DFG-out decoys in the DDR1
rMSA AF2 ensemble can be transferred to Abll kinase. Furthermore, I tested an additional ki-
nase, Src, for which non-native state decoys are reported to be even more challenging to produce
using AF2 subsampling methods than Abll kinase[150]. I have also verified that rMSA AF2
and AF2-cluster struggle in producing distinct decoys from native structure of Src kinase (Fig.
E.3 & Fig. E.4). Besides, neither the rMSA AF2 nor the AF2-cluster ensembles for Src kinase
adequately sample the classical DFG-out basin in the latent space (Fig. E.17). Remarkably, AF2-
template, as a homolgy modelling method, can easily produce the classical DFG-out structure of
Src kinase, using the top 2 AF2-RAVE-picked DDR1 classical DFG-out structures as templates

(Fig. E.16). The IFD poses from the tAF2 structure of Src kinase shown a minimal ligand RMSD
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of 2.82 A with imatinib (Fig. E.18).

Table 5.1: Comparing the IFD performance of various structure generation methods for docking
type II Kkinase inhibitors

Source-protein Lowest imatinib | Lowest ponatinib | Ratio of structs.
(# of structures) ligand RMSD ligand RMSD w.
A) A) ligand RMSD < 3

A

AF2-Abll (1) 9.22 9.4 0/1

AF2-DDRI (1) 9.24 9.33 0/1

rMSA AF2-Abll (2) 10.14 9.11 0/2

rMSA AF2-DDRI (15) | 1.04* 0.89 1/15

tAF2-Abl1 (30) 2.74 0.78 4/30

AF2-RAVE-DDR1 (2) | 1.04* 0.89 12

AF2-RAVE-ADbI1 (8) | 2.74 0.78 4/8

* result from IFD-trim

With the rapid expansion of chemical space, virtual screening on libraries containing bil-
lions of diverse molecules becomes enticing for novel drug discovery [151]. Therefore, the en-
richment of candidate holo-like structures emerges as a necessary step, offering significant bene-
fits in terms of computational efficiency and feasibility. As summarized in Table 5.1, unlike the
non-dockable AF2 structures for type II inhibitors, the diverse rMSA AF2 ensemble (referred to
as rTAF2 in Table 5.1 for brevity) shows potential in generating holo-like structures within a large
set of decoys. However, it’s only upon AF2-RAVE ranking and selection that the ratio of holo-
like structures in selected structure set increases to a plausible value of 50%, facilitating further

virtual screening on computational models of protein pockets.

5.2 Conclusion

AlphaFold2 has arguably revolutionized protein structure prediction, but its direct use in
drug discovery remains challenging, especially for ligands targeting non-native or metastable pro-
tein conformations. In this chapter, I showed through retrospective kinase inhibitor studies that
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combining AlphaFold2, statistical-mechanics-based enhanced sampling, and induced-fit docking
can address this limitation. Specifically, I used AF2-RAVE to rank metastable kinase confor-
mations and Glide Induced-Fit Docking (IFD) to evaluate type II inhibitor binding pockets. This
AF2-RAVE Glide workflow yielded holo-like structure candidates with a 50% successful docking
rate for known type II inhibitors.

A key result is that AF2 can be further empowered through a templating procedure. Holo-
like DFG-out structures and the DDR1 latent space obtained from AF2-RAVE were transferable
to homologous kinases, including the more challenging Abll and Src systems [150]. Using
DDRI1-derived metastable structures as templates allowed AF2 to generate classical DFG-out
conformations for these kinases, reducing the need to relearn the latent space and sampling pro-
tocol from scratch. This transferability suggests that AF2-RAVE can be used not only to rank
conformations within one protein, but also to propagate useful conformational information across
related protein families.

Overall, these retrospective docking results support the practical use of the conformational
selection hypothesis for structure-based drug discovery. AF2-based methods can generate di-
verse structural hypotheses, AF2-RAVE can assign thermodynamic weights to these structures,
and docking can test whether the selected metastable states provide ligand-compatible pock-
ets. The next step is to move beyond retrospective validation and perform prospective docking
studies, where AF2-RAVE-selected conformations are used to screen compound libraries and

experimentally discover new binders for a target protein.
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Chapter 6: Hierarchical AF2-RAVE for Timescale-Resolved Holo-like Struc-

ture Generation

[This chapter is based on: Xinyu Gu*, Venkata S. S. Adury*, Akashnathan Aranganathan, Xin-
hao Zhuang, Kristen M. Varney, David J. Weber & Pratyush Tiwary. Hierarchical AF2RAVE for
Multiconformation Virtual Screening Targeting S100 Ca’*-Binding Proteins. (2025) Journal of
Chemical Theory and Computation.(*- equal contribution)[152]. I contributed to the method-
ology development, which branched from the previous chapter and was designed to avoid the
computational cost of induced-fit docking. I also contributed to the initial ensemble generation
for a homo-dimer system and provided the code for AF2-RAVE. ]

In the previous chapters, I showed that combining Al-based structure prediction with physics-
based sampling improves the identification and Boltzmann ranking of metastable protein confor-
mations. AF2-derived structural hypotheses can serve as reliable starting points for molecular
dynamics, while AF2-RAVE refines these hypotheses and assigns thermodynamic weights to
metastable states. I also showed that this ensemble-based perspective is useful for structure-based
drug design because it accounts for protein flexibility beyond a single dominant static structure.

However, the previous chapters also revealed two important points. First, compared with
MD-generated structures, AF2-generated structures are often more crystal-like and can perform

better in static-structure docking protocols. Second, classification of metastable states at longer
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timescales is useful for refining the structural search because it primarily captures large-scale con-
formational changes. Local rearrangements, especially side-chain rotamer changes and pocket-
level packing, remain important for ligand docking. In the previous chapter, this local flexibility
was addressed using induced-fit docking, but such approaches are computationally expensive and
difficult to scale to large virtual screening campaigns [129, 130, 151, 153].

This motivates a hierarchical extension of AF2-RAVE. As discussed in Chapter 1, confor-
mational selection provides a useful framework for treating ligand binding as the stabilization of
pre-existing metastable states. For practical docking, however, it is not sufficient to sample only
slow backbone-level conformational changes; one must also capture local side-chain and pocket
rearrangements that affect ligand compatibility. In this chapter, I use a hierarchical AF2-RAVE
strategy in which metastable states are classified at multiple timescales using different input fea-
tures and time lags. The goal is to generate a diverse but tractable set of holo-like structures that
capture both global conformational changes and local pocket-level rearrangements, making them
suitable for rigid docking and high-throughput virtual screening.

I apply this hierarchical AF2-RAVE pipeline to the calcium-binding S100 protein fam-
ily [154, 155]. S100 proteins typically function as homodimers and expose a hydrophobic
pocket upon calcium binding, enabling interactions with diverse protein and nucleic-acid tar-
gets. These interactions regulate cellular processes such as proliferation, differentiation, apop-
tosis, calcium homeostasis, inflammation, and cell migration [156]. Several S100 isoforms are
disease-associated biomarkers; for example, S100B is associated with malignant melanoma and
other cancers, while SI00A1 has been linked to Alzheimer’s disease [157, 158]. Despite their
high sequence and structural similarity, SIO0B and S100A1 mediate distinct biological interac-

tions, making them useful systems for testing whether ensemble-based structure generation can
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aid selective inhibitor design.

In this chapter, I use hierarchical AF2-RAVE to explore the free-energy landscapes and
metastability of Ca*"-S100B and C'a®>T-S100A1, starting from sequence information. I then
evaluate the resulting holo-like structures using retrospective docking with Glide XP [126, 127,
128] and enrichment testing with UCSF DOCK 6.11, referred to here as DOCK [159, 160].
These tests use a previously unreported C'a**-S100B inhibitor dataset [161] and compare AF2-
RAVE-generated structures with standard AF2 predictions and X-ray crystallographic C'a*"-
S100B/inhibitor complexes. Retrospective docking evaluates whether Glide XP can reproduce
known binding poses, while enrichment tests whether DOCK can distinguish true inhibitors from
property-matched decoys.

The key result is that the AF2-RAVE structure set outperforms standard AF2 structures in
both retrospective docking and enrichment. Notably, AF2-RAVE also outperforms X-ray struc-
tures in enrichment, possibly because crystallization artifacts or assignment ambiguities in some
X-ray structures can allow decoys to artificially improve docking scores [162]. Overall, the hi-
erarchical AF2-RAVE structures show improved diversity and holo-like character, making them

strong candidates for rigid docking and high-throughput virtual screening.

6.1 Methods

6.1.1 Hierarchical AF2-RAVE funnel for multiconfiguration holo-like receptor
generation

In high-throughput virtual screening, protein receptor structures are usually kept rigid for
computational efficiency. [163] This requires that both the global backbone and the pocket side-
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chain packing of the protein receptor structures are already in holo-like states, ready for ligand
docking. However, experimentally determined holo structures are not always available, and apo-
like structures are often the only starting point for computational predictions[153]. Modeling
large-scale backbone transitions from apo to holo can be challenging and cannot be addressed
even by flexible docking [145]. Numerous computational simulation and enhanced sampling
techniques have been developed to identify cryptic pockets for drug discovery.[149, 164, 165,
166] My previous work demonstrated that the standard AF2-RAVE protocol can sample and en-
rich holo-like structures with significant backbone rearrangements from the apo state, effectively
addressing the conformational selection effect in protein kinases and their type II inhibitors[125].
When a ligand selectively stabilizes a particular backbone state, it shifts the local envi-
ronment and alters the population distribution of metastable pocket states. Here, I simplify the
induced-fit effect by assuming that while configurational populations change after ligand bind-
ing, the possible side-chain configurations of metastable pocket states remain largely unchanged.
Thus, I assume that the final holo structure still resides within a metastable basin of the apo case.
Under these assumptions, holo-like models that incorporate both conformational selection and
induced-fit effects can be generated by sampling metastable states in the absence of ligands.
However, large-scale backbone changes and pocket side-chain rotamer changes are typi-
cally linked to metastability through different descriptors and across distinct timescales[17]. To
decouple metastability at different levels and explore metastable states systematically, [ used a hi-
erarchical approach based on the standard AF2-RAVE protocol[94, 114, 167], to conduct dimen-
sionality reduction and structure generation as shown in Fig. 6.1. Specifically, I first identified
backbone motions on a slower timescale, followed by an analysis of pocket side-chain rotamer

dynamics within each respective backbone mode, on a faster timescale.
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Figure 6.1: The hierarchical AF2-RAVE funnel for generating holo-like structures in metastable states.
A) A diverse protein structural ensemble is generated from the sequence using reduced MSA AlphaFold2
(rAF2). B) Short unbiased MD simulations are performed, initiated from cluster centers identified in the
rAF2 ensemble. C) Dimensionality reduction is applied to the MD trajectories (denoted trajs above)
using the SPIB model[5] with different descriptors and timescales to decouple backbone motions from
pocket side-chain dynamics. Guided by free-energy surfaces in both the global SPIB latent space and the
pocket SPIB latent space, structures from AF2-based methods are further generated, refined, and selected.
The final AF2-RAVE structure set consists of diverse, metastable, holo-like conformations.

6.1.1.1 Generating diverse structural ensembles from AF2-based methods

Vanilla AlphaFold2 (AF2) predictions, using the full multiple sequence alignment (MSA)
of available evolutionary information, typically result in little structural diversity across multi-
ple runs. To explore a broader range of conformations, several AF2-based pipelines have in-
troduced stochasticity. This is achieved by substituting residues with alanines along randomly
selected columns in MSA, as in SPEACH_AF [98], or by reducing MSA depth through ran-
dom subsampling (referred to as reduced MSA AF2 or “rAF2”) [91, 93, 96, 150] or clustering-
based approaches [95, 99] and several others[168]. These methods effectively mask or reduce
certain residue-residue contact signals from the full MSA, enabling predictions to potentially

sample alternative structural states, but with no thermodynamic ranking of their propensities.
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In this study, I use rAF2 to generate diverse structural ensembles, producing 640 structures
per MSA depth. While this approach can produce highly varied structures including complete
hallucinations[91, 169], I use the AF2-RAVE protocol to harness this diversity. By integrating
dynamic information, AF2-RAVE identifies the truly metastable regions of the protein confor-
mational landscape.

Unfortunately for both S100 dimer systems (SI00A1 dimer or S100B dimer), the rAF2
structural ensembles generated with a MSA depth of 64 do not exhibit conformational diversity,
as shown in Fig. F.2A. I thus used the structure with the highest pPLDDT (predicted Local Distance
Difference Test[170]) score at an MSA depth of 64 as my reference AF2 structure for each sys-
tem. At the same time, ensembles with MSA depths of 8, 16, and 32 often produce hallucinated
orientations and interfaces between the two chains in the dimer structure, leading to backbone C',
RMSD values of approximately 20 A when compared to the AF2 reference structure, as shown
in Fig. E2A. To address this, the AF2 reference structure was used as a template for generating
new template rMSA AF2 ensembles with MSA depths of 8, 16, and 32. This approach resulted in
diverse structural ensembles with typical dimer orientations, as shown in Fig. FE2B. To eliminate
highly unphysical structures, an RMSD filter was applied to exclude all structures with RMSD
values greater than 7 A, when compared to the AF2 reference structure. Structures containing
steric clashes were removed if any non-bonded heavy atom pairs had a distance of less than 0.7
A, as shown in Fig. F2C. Additionally, the mean value and standard deviation of peptide bond
lengths (reference mean value: 1.32 A) were calculated for each structure. An extra filter was
applied to remove structures with mean peptide bond lengths exceeding 1.4 A and standard devi-
ations greater than 0.2 A. Following these filtering steps, 258 and 168 structures remained in the

final template rIMSA AF2 ensembles for SI00A1 and S100B dimers, respectively. For simplicity,

86



I refer to these refined structural ensembles as the rAF2 ensembles of SI00A1 and S100B in the

following sections.

6.1.1.2 Unbiased MD simulations

Regular-space clustering was performed for the rAF2 ensemble of each S100 system (S100A1
or S100B), using 28 collective variables (CVs) representing the global/backbone conformation
of monomers. These CVs consist of pairwise distances between C, atoms of 8 anchor residues,
which are the two terminal residues of the four rigid alpha helices in one monomer, as shown in
Fig. F4A. The anchor residues were identified based on fluctuation analysis from 1 ps-long MD
simulations of six C'a?"-S100 systems, as shown in Fig. F.3 (see SI for setup of this MD). The
regular-space clustering process produced 10 cluster centers for SI00A1 and 15 cluster centers
for S100B, which were treated as initial protein structures for subsequent MD simulations. Cal-
cium ions were added to the center of mass of all the oxygen atoms from C'a®>"-binding residues
in each EF-hand[171].

For each initial structure, a 100 ns production run of unbiased MD simulation was per-
formed, following the setup described in the SI. To prevent Ca*" ions from dissociating from
EF-hands while preserving their native coordination mode[172], a truncated harmonic constraint
was applied during equilibration runs and production runs, to pull calcium ions back if their dis-
tance from coordinating oxygen atoms exceeded 5 A, as shown in Fig. F.5C and further detailed

in SI.
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6.1.1.3 Global SPIB and local/pocket SPIB

I applied hierarchical dimensionality reduction using the SPIB model to molecular dynam-
ics (MD) trajectory data. All SPIB models learned two-dimensional latent spaces and employed
linear encoders for better interpretability of the latent variables. To distinguish metastable states
across different timescales, I trained two layers of SPIB models with distinct time lags and two
sets of input features: global features and local/pocket features, corresponding to the global and
local SPIB models respectively. Free-energy surfaces projected onto the 2D SPIB latent space
were computed via WHAM[173] and used to identify metastable basins. Detailed training pro-
cedures are provided in the SI.

For the global SPIB model, the input CVs were derived from the 28 global features previ-
ously used in regular-space clustering. The global SPIB model trained with a time lag of 25 ns
on the C'a®>T-S100B system (Fig. F.6) was used to define the global SPIB latent space throughout
this study. Since the global features are transferable between Ca*"-S100A1 and Ca**-S100B
due to their high sequence similarity, the resulting global SPIB latent space is also applicable to
Ca®T-S100A1. When viewed along the global SPIB latent space, islets with free-energy values
below 4 kJ/mol relative to the minimum were defined as different metastable basins. For each
of the two deepest basins, I selected the three unbiased MD trajectories for which the mean 1B
values were closest to the basin minimum on the latent space. I then filtered out trajectories with
high variances in IB values. As shown in Fig. F.7B, this ensured that the selected trajectories for
each global basin shared the same backbone mode and could be used as input for the local SPIB
model in subsequent analysis.

To derive local features for describing side-chain packing modes, I first applied the binding
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site detection method Graph Attention Site Prediction (GrASP) model[124] to the S100B AF2
structure and identified pocket residues as those with heavy atoms having a GrASP score above
0.2. Additionally, three C-terminal residues, C85, F88, and F89, were included to account for
critical C-terminal conformational changes relevant to C'a?>*-S100B inhibitor design, as reported
in previous studies[174]. The illustration of pocket residues can be found in Fig. F4B. I then
derived 53 local features, which are pairwise distances between distal atoms of pocket residue
pairs with a residue index difference less than 10. Assuming that the backbone mode remains the
same in the training set of each local SPIB model, relative side-chain positions between residue
pairs close in sequence should be sufficient for representing side-chain rotamer packing states.
Given trajectories within a certain backbone mode (here I focus on the native backbone
basins of both C'a?t-S100B and C'a®>T-S100A1), I trained the SPIB model based on the 53 lo-
cal features. Unlike backbone motions, side-chain rotamers usually fluctuate on much faster
timescales. A hyperparameter sweep showed that the latent space remained stable across time
lags from 50 ps to 800 ps, therefore, I selected the 300 ps model as representative for the lo-
cal SPIB analysis. The resulting latent variables and latent space are presented in Fig. F.8 and

Fig. 6.3.

6.1.1.4 AF2-template and restrained MD for AF2-RAVE structure sets genera-
tion

In the local SPIB latent space, adjacent bins with free-energy values below 2 kJ/mol were
grouped into different metastable basins. MD frames from training trajectories, output at 10 ps

intervals, were projected onto the SPIB latent space. Frames within each local metastable basin
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were concatenated in the order of simulation time, and 20 representative frames were uniformly
selected at equal intervals, as shown in Fig. F.9A. For each local basin, these 20 frames served
as template structures for AF2-template (tAF2) modeling. For a given query sequence, tAF2
structures are generated by ColabFold[11] by uploading desired template structures and using
the “single-sequence” mode for the Evoformer module. For each local basin, 20 tAF2 models
are generated, and the top two structures with the highest pLDDT (Fig. F.9B) were used as ini-
tial protein structures for subsequent restrained MD simulation. The restrained MD simulations
are short, low temperature runs. The conformations of key residues with slow dynamics were
biased toward free-energy basins identified in the local SPIB latent space, whereas rotamers with
fast dynamics retained “crystal-like” conformations similar to those in the tAF2 models. Final
frames from the restrained MD production runs were compiled into the AF2-RAVE structure set
(Fig. F.9C). This structure set was later used for docking validation, as described in Appendix E.5.

Detailed setup procedures are provided in the SI.

6.1.2 Docking validation as a downstream test

The main focus of this chapter is the hierarchical AF2-RAVE procedure used to generate
timescale-resolved, holo-like receptor structures. I use retrospective docking and enrichment only
as downstream validation to test whether these structures are useful for rigid virtual screening.
The detailed ligand preparation, docking, enrichment, and BEDROC protocols are provided in
Appendix E.5. In the main text, I retain only the results needed to show that the hierarchical AF2-
RAVE structure set improves retrospective docking and enrichment relative to standard AF2 and

X-ray-derived receptor choices.
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6.2 Results

6.2.1 Global SPIB captured the backbone breathing of the hydrophobic pocket

in C'a?t-S100

S100 proteins typically form homodimers, with each monomer comprising an N-terminal
pseudo EF-hand motif (residues 3-39) and a C-terminal canonical EF-hand motif (residues 51—
89), connected by a hinge loop. Each EF-hand consists of two a-helices linked by a calcium-
binding loop. Upon calcium ions binding, significant conformational changes occur at the C-
terminal EF-hand, resulting in the exposure of a hydrophobic pocket formed by helix 3, helix 4,
and the hinge region.[171] This pocket then recruits target proteins primarily through hydropho-
bic protein—protein interactions.

Since the input features used for global SPIB are transferable across the S100 protein fam-
ily, the learned global SPIB coordinates (Fig. F.6) and corresponding latent space are also trans-
ferable. By projecting the free-energy surfaces for both C'a?*-S100A1 and Ca**-S100B onto
this shared latent space, I identified two distinct global basins that represent the backbone breath-
ing of the pocket, as shown in Fig. F.1. While the basins occupy similar regions in the latent
space for both isoforms, the precise positions of their minima differ. These differences can be
utilized for isoform-specific selective drug design.

Projections of available holo structures (complexed with peptides or small-molecule in-
hibitors, PDB IDs provided in SI) onto the latent space show that most resolved complexes fall
within the native global basin, with a widely open hydrophobic pocket, shown as stars in Fig. F.1.

For prospective drug discovery, I anticipate that the alternate basin with a more closed pocket is
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likely to be relevant. However, since all known inhibitors primarily target the native global basin,
my subsequent pocket side-chain-level local SPIB analysis and docking validation in this study

were focused within the native basin.
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Figure 6.2: Free-energy surfaces for Ca®*-S100B (A) and C'a®*-S100A1 (B) in a transferable global
SPIB latent space. Two major global basins are identified, reflecting the breathing of the hydrophobic
pocket of calcium-bound S100 proteins. Representative structures from unbiased MD for both basins and
both C'a®*-S100 systems are depicted in gray, with only one monomer shown for clarity. The projections
of AF2 structures (red crosses) and experimentally determined holo structures (stars) indicate that these
structures all reside within basin I, the native global basin. For Ca?*-S100B, experimentally determined
holo structures includes 24 published XRD structures in PDB (denoted as PDB24, projected as white
stars) and 2 unpublished XRD structures with inhibitor SBi5345 or SBi5369 (projected as blue and
orange stars). For Ca?T-S100A1, two peptide-bound holo NMR structural ensembles were projected as
blue and orange stars.

6.2.2 Local SPIB captured metastable side-chain packing states, covering both
the AF2-predicted apo and known holo conformations for the Ca**-S100

proteins

For the native backbone basins of both C'a®*"-S100A1 and C'a®*"-S100B, local (pocket-
level) SPIB analysis was performed to explore all possible long-lived side-chain packing con-
figurations. Interpretation of the learned SPIB reaction coordinates revealed the most relevant

92



features associated with the slow transitions between metastable side-chain states (Fig. 6.3 left
panel). The dominant slow side-chain motions involve residues primarily in the C-terminal and
hinge regions. Specifically, key residues identified by SPIB include D46, V47, Q48, A53, 157,
E60, L61, L81, C85, F88, and F89 in Ca®t-S100A1, while for C'a®>"-S100B they include F44,
L45, V53, M80, 181, C85, F88, and F89. Notably among the S100 family, the C-terminal and
hinge regions are the least conserved segments [175], suggesting that they play critical roles in
interacting with isoform-specific binding partners [176]. Consistently, SPIB naturally highlights
them as strategic target residues for selective drug design. In particular, for Ca?T-S100B, the
design of its covalent inhibitors (e.g., SC124, SC1475, SC1982, SBi4172, and SBi4434), which
attach to Cys835, shows conserved interactions with residues F44, F88, and F89 [177]. Addi-
tionally, X-ray structures of the complexes between C'a**-S100B with pentamidine analogs have
shown that the C-terminus adopts two distinct conformations, defined by the positions of F88
and F89, termed the “FF-Gate”. Symmetric pentamidine analogs are associated with the closed
FF-Gate conformation, while asymmetric analogs induce the open state[ 174]. In agreement with
these experimental observations, the local SPIB coordinate, o captured the FF-Gate conforma-
tional transitions, with the free-energy surface in the SPIB latent space revealing distinct basins
for both open and closed FF-Gate states, as shown in Fig. 6.3B.

The projections of both the AF2-predicted apo and the known holo side-chain rotamer
configurations fall within distinct metastable basins on the free-energy surface (FES) in the pocket
SPIB latent space, as indicated by crosses and stars in Fig. 6.3. When mapping all reduced-MSA
AF2 structures with native global backbones (Fig. F.7A), these structures exhibit greater side-
chain packing diversity compared to vanilla AF2 predictions (Fig. 6.3, middle panel). However,
they still fail to cover all potential metastable basins of side-chain configurations, most notably,
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they miss those corresponding to experimentally resolved holo structures (Fig. 6.3, right panel).

To generate a C'a*t-S100B structural set with coverage of all local SPIB basins, I per-
formed AF2-template modeling using MD-derived structures from each basin as templates. This
approach biases the conformations of critical pocket residues toward specific basins, while pre-
serving crystal-like configurations in the remaining residues, given AlphaFold2’s inherent prefer-
ence for crystal-like structures. The retention of this crystal-like trait is expected to benefit future
virtual screening efforts, as most docking algorithms are trained and optimized on experimentally
resolved crystal structures.

However, since the template module of AlphaFold2 utilizes only the C,, and C'z atom posi-
tions from the template structure, I find that the AF2-template alone is insufficient to fully capture
the detailed side-chain configurations in templates (Fig. F.9B). To address this, short, restrained
MD simulations were performed to bias key side-chains toward the desired local SPIB basin.
This process generated the final AF2-RAVE structure set within the native global basin of C'a®*-
S100B, which was then used for subsequent retrospective docking and enrichment validation

(Fig. 6.4A, Fig. F9C, Fig. F.12).

94



S100A1_bO FES in Local SPIB Lspace S100A1_bO FES in Local SPIB Lspace

* TAF2 *  2K2F
X AF2 9.0 075 # 2KBM 9.0

»
o
Free energy (kj/mol)

Free energy (kj/mol)
5

S100B_bO FES in Local SPIB Lspace S100B_bO0 FES in Local SPIB Lspace

% rAF2 # XRD-PDB24
X AF2 9.0 # XRD-SBi5345 9.0
+# XRD-SBi5369

Free energy (kJ/mol)
L
2

Free energy (kJ/mol)

Figure 6.3: Free-energy surfaces for Ca®*t-S100B (A) and C'a®t-S100A1 (B) within their native global
basins, represented in the local/pocket SPIB latent spaces. The left panel illustrates the most dominant
features (whose weights are larger than 0.5 maximum weights) contributing to the learned SPIB
coordinates, o¥,0%. The color and width of the dashed lines indicate the sign and absolute magnitude of
the coefficients in the learned linear combination. In both systems, slow conformational changes are
primarily associated with side-chain rotamer transitions around the hinge loop region and the C-terminal,
especially the FF-gate region. The projection of the rAF2 ensemble (middle panel, white stars) and AF2
structures (middle panel, red crosses) onto the pocket latent space reveals poor coverage of possible
metastable basins for side-chain configurations. Notably, the experimentally determined holo structures
(right panel, all stars) fall into metastable basins that are not well sampled by AF2-generated models.

6.2.3 Retrospective docking validation on AF2-RAVE structure set of C'a®*-

S100B

To assess the suitability of the AF2-RAVE structure set for rigid docking, I performed
retrospective docking using Glide XP on two newly designed C'a**-S100B inhibitors, SBi5345
and SBi5369, both with X-ray holo structures resolved. Using the X-ray holo structure as a

reference, the lowest ligand RMSD docking poses from AF2-RAVE consistently outperformed
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those from AF2 and were comparable to poses obtained using the holo XRD protein structures
(Fig. 6.4B&C), in terms of ligand RMSD. To further evaluate the interacting surface in docking
poses, I analyzed protein—ligand interaction fingerprints (PLIFs), which confirmed the superior
performance of AF2-RAVE structures (Fig. F.10, Fig. F.11). Notably, both inhibitors bind to
Ca?T-S100B in the FF-gate closed conformation, (shown as red stars in Fig. 6.4A), and the
lowest ligand RMSD poses from AF2-RAVE structure set were given by the structure with similar
FF-gate configurations (o1 ~ 0.4, as shown in Fig. 6.4C), closely matching the XRD reference.

Glide XP docking poses w. lowest ligand RMSD
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Figure 6.4: A) Projection of XRD (Ca?t-S100B with SBi5345 or SBi5369, shown as red stars), AF2
(red crosses), AF2-RAVE structure set (green circles) onto the local/pocket free-energy surfaces for
Ca?*-S100B with native global basin. B) Ligand RMSD distribution of the Glide XP docking poses
generated from the three structure sets. The left panel corresponds to docking poses with inhibitor
SBi5345, while the right panel corresponds to inhibitor SBi5369. C) Representative docking poses with
the lowest ligand RMSD for each structure set. Docking poses (proteins in grey, ligands as grey sticks)
are superimposed onto the corresponding X-ray holo structures (proteins in cyan, ligands as green sticks)
for comparison.

96



6.2.4 Retrospective enrichment validation on AF2-RAVE structure set of C'a®"-

S100B

I observe that the crystal structure (XRD) and the AlphaFold2 model (AF2) yield reason-
able enrichment performance and are quite similar. However, relying on a single crystal or AF2
structure can limit enrichment, as the ligand set is structurally diverse and may not engage all the
interactions that a specific structure was optimized to accommodate. The variability in enrich-
ment observed when using different ligand-bound crystal structures is illustrated in Fig. F.19 in
the SI.

One of the crystal structures exhibited side-chain variation that suggested the presence of

two possible orientations for a residue, as highlighted in Fig. 6.5A. To emulate a fully blind
scenario—where such prior knowledge would not be available—I allowed DOCK Prep (Chimera
1.18[178]) to automatically select one of the orientations. Interestingly, the alternate orientation
resulted in improved enrichment, as indicated by the BEDROC profile in Fig. 6.5B.
Fig. 6.5B compares enrichment results obtained by averaging docking scores across all AF2-
RAVE structures, with those from XRD and AF2 structures. The AF2-RAVE protocol enables
rational sampling of side-chain conformations, generating structurally diverse binding pocket
environments. I find that restricting to only the top-ranked structure by pLDDT, led to a marked
improvement in enrichment performance. While more structures would improve the diversity,
it comes at the cost of accuracy, which is crucial in blind enrichment studies I intend to pursue
in the future. Fig. F.16 in the SI shows the drop in enrichment with structures ranked first and
second by pLDDT for each pocket.

AF2-RAVE outperforms not only AlphaFold2 but interestingly also all available crystal
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Figure 6.5: A) The side-chain assignment of GLUS50 is ambiguous in the crystal structure of
Ca?*-S100B/SBi5345. B) BEDROC profiles and C) enrichment profiles for different structural inputs.
In both B) and C), the dotted black line represents the outward-flipped orientation of GLUS50, while the
solid black line denotes the inward-flipped orientation. DockPrep favors the outward-facing
conformation, which yields lower enrichment performance compared to the inward-facing conformation.
The light green line highlights the best-performing structure (from Basin 4) in AF2-RAVE structure set.

structures by providing structural ensembles that are more effective for enrichment compared to
standard AlphaFold2 predictions and ligand-specific crystal structures. This may be attributed
to the importance of terminal residues in shaping the binding site—regions that are often un-
resolved in crystallographic experiments[179, 180]. In the case of C'a®**-S100B, many binding
pocket residues are also solvent-exposed, making them especially susceptible to dynamic rear-
rangements that AF2-RAVE is able to capture. I even find some evidence of this in the ambiguity
of certain residues in the crystal structure as shown in Fig. 6.5A where two orientations are ob-
served in the crystal structure. AF2-RAVE’s ability to handle dynamic information and capture

solvent interaction were crucial in obtaining this enrichment for C'a?*-S100B.

6.3 Discussion

Starting from the amino acid sequence, the hierarchical AF2-RAVE pipeline enables a
comprehensive exploration of the free-energy landscape and metastable states of the C'a?>*-S100

protein systems. It captures both large-scale backbone breathing motions and diverse holo-like
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side-chain configurations missing in AF2-based methods. I find that these physically meaningful
and diverse conformations generated by AF2-RAVE clearly enhanced the enrichment of true
C'a*"-S100B inhibitors over decoys in virtual screening, outperforming both AlphaFold2 and
XRD structures.

The global SPIB model successfully learned a transferable latent space for the C'a®**-S100
protein family. Combined with free-energy calculations, it revealed a dominant slow backbone
motion—a breathing-like transition of the C-terminal EF-hand between a native open state and
a more compact closed state—occurring on nanosecond timescales or longer. To date, all re-
solved holo structures of C'a®>T-S100 proteins bound to peptides or inhibitors adopt the native
open conformation. These inhibitors, which target the open state, are typically large and highly
hydrophobic to mimic and block the hydrophobic interactions of S100-binding proteins. As a
result, they are not drug-like. Notably, no known ligands target the metastable closed state, pre-
senting an opportunity to discover novel scaffolds and more drug-like compounds.

Additionally, the pocket SPIB model captured slow dynamics of residues in the C-terminal
and hinge regions, associated with pocket side-chain packing transitions on picosecond timescales.
It also identified free-energy basins for holo-like side-chain conformations that are not covered
by AF2-based methods, for both C'a?"-S100A1 and C'a**-S100B. Importantly, uncovering this
side-chain-level metastability proved crucial for rigid docking applications.

To evaluate the plausibility of using my AF2-RAVE-derived holo-like models for rigid
docking and virtual screening, I performed retrospective docking and enrichment tests on an un-
published C'a®>*-S100B inhibitor dataset. In retrospective docking tests, the AF2-RAVE structure
set performs comparably to experimentally resolved holo X-ray structures and outperforms AF2

models, despite all three structure sets sharing the same backbone states. In enrichment testing,
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AF2-RAVE outperforms both AF2 and X-ray structures. Surprisingly, X-ray structures show
similar enrichment performance to AF2, likely due to crystallographic artifacts or ambiguities
that allow certain decoys to artificially achieve high docking scores. These findings underscore
the advantage of AF2-RAVE in generating physically relevant, diverse conformations optimized
for rigid docking and high-throughput virtual screening.

For virtual screening that relies on rigid docking, accurately modeling holo-like protein
structures requires capturing both large-scale backbone motions and subtle side-chain rearrange-
ments. The hierarchical AF2-RAVE pipeline addresses both aspects, offering structural en-
sembles that reflect the dynamic nature of target proteins across different timescales. Even in
flexible docking scenarios, where specific residues must be assigned to be flexible/perturbed,
SPIB-learned weights can offer dynamics-informed guidance to identify the most relevant flexi-
ble residues. This holds promise for maintaining docking accuracy while significantly enhancing
flexible docking efficiency compared to treating the entire binding pocket as flexible.

AF2-RAVE structure sets offer strong potential for prospective drug discovery and novel
scaffold identification, particularly for challenging targets like the C'a®*"-S100 protein family, for
which no drug-like inhibitors currently exist. Moreover, no isoform-specific inhibitors exist for
the C'a®>T-S100A1 isoform to date. While in this work I focus on retrospective studies of C'a*-
S100B specific binders, I believe this same protocol will help me in prospective discovery of
Ca?T-S100A1 specific binders, work which is currently being pursued. This hierarchical AF2-
RAVE funnel applied to C'a®>T-S100 isoforms revealed that while backbone-level metastability is
similar between Ca?"-S100A1 and C'a®*T-S100B, the local SPIB analysis uncovers more signif-
icant differences in side-chain-level metastability. Using these distinct metastable states through

multi-configuration virtual screening provides a promising strategy for selective inhibitor de-
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sign targeting a specific isoform. Looking ahead, AF2-RAVE may enable the development of
isoform-specific therapeutics targeting Ca?"-S100A1 for Alzheimer’s disease treatment.
Together, these chapters summarize my efforts to develop computational methods for ad-
vancing structure-based drug discovery in Prof. Pratyush Tiwary’s lab. Through close collabo-
ration with postdoctoral researchers and graduate students in the group, I worked on integrating
Al-based structure prediction with physics-based sampling and thermodynamic reweighting to
identify, rank, and use metastable protein conformations for drug discovery. In the upcoming
chapters, I discuss how AF2-RAVE-based approaches can be extended to immunotherapy appli-

cations.
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Chapter 7: Extending AF2-RAVE for improved evaluation of T Cell Receptor -
Peptide Major Histocompatibility Complexes from Multimer Mod-

els

The previous chapters focused on AF2-RAVE as a way to generate and Boltzmann-rank
metastable conformations of single protein chains or domains. However, many biological pro-
cesses are mediated not by isolated proteins, but by protein complexes whose function depends on
molecular recognition, association, and dissociation. This is especially important in immunology,
where T-cell receptor (TCR) recognition of peptide-major histocompatibility complex (pMHC)
depends not only on the structures of the individual partners, but also on the conformational
ensemble and stability of the bound complex [181, 182, 183].

Recent cofolding models, including AlphaFold-Multimer, RoseTTAFold, Boltz-1, Chai-1,
and AlphaFold3, extend deep-learning-based structure prediction from single-chain proteins to
multi-chain protein complexes [10, 15, 184, 185, 186]. These methods provide a powerful route
to generating structural hypotheses for protein-protein interfaces directly from sequence. Nev-
ertheless, as with single-chain AF2 predictions, cofolding outputs are not Boltzmann-weighted
ensembles and do not directly provide the thermodynamic or kinetic information needed to as-
sess complex stability, or dissociation propensity. Therefore, a possible next question is whether

AF2-RAVE like workflows can be extended from single-protein conformational ensembles to
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protein-complex ensembles.

In this chapter, I explore this idea using TCR-peptide complex recognition as a model sys-
tem. I use cofolding predictions as initial structural hypotheses for protein complexes and then
apply physics-based sampling and reweighting to assess the stability and conformational variabil-
ity of the predicted complexes. In addition to other filtering algorithms used to remove unphys-
ical structures, an enhanced-sampling-based score is used to filter out complexes corresponding
to weak binding modes. The goal is to move beyond a single predicted bound structure and
toward an ensemble-based description of protein-complex recognition, where interface confor-
mations, metastable states, and relative thermodynamic stability can be compared across related
complexes. To answer this I present a short chapter on evaluation of multimer complexes from

cofolding models.

7.1 TCR peptide MHC recognition

In adaptive immunology, engagement of the T-cell receptor (TCR) with peptide-major his-
tocompatibility complex (pMHC) is a central event in antigen recognition. Productive TCR—
pMHC binding can initiate T-cell activation, cytokine release, cytotoxicity, memory formation, or
tolerance. Because of this central role, TCR-pMHC recognition is directly relevant to infection,
autoimmunity, vaccine design, cancer neoantigen discovery, and engineered T-cell therapies.

The TCR is a heterodimer composed of o and /3 chains, each contributing three comple-
mentarity determining regions: CDR1, CDR2, and CDR3. In a common binding mode for TCR
recognition of peptide-MHC class I, the TCR docks diagonally over the peptide-binding groove,

with the TCR« chain positioned over the MHC a5 helix and the TCR/3 chain positioned over the
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MHC «; helix. In this canonical picture, CDR1 and CDR2 primarily contact the MHC helices,
whereas CDR3 loops often make more direct contacts with the antigenic peptide.

However, this canonical view should not be interpreted as a universal rule. Different TCRs
can vary in docking angle, tilt, footprint, and interaction pattern depending on the TCR sequence,
peptide identity, MHC sequence, and local environment. This suggests that a TCR-pMHC com-
plex may not be fully described by a single rigid binding pose. Instead, multiple interface confor-
mations or binding poses may exist as metastable states. Such differences in binding geometry
and interface dynamics may influence downstream TCR signaling, providing a motivation to
study TCR-pMHC recognition from an ensemble perspective. Thus, this problem is very suitable

for the goal of this chapter.

7.2 Related Work

General complex predictors such as AlphaFold-Multimer [184] can generate candidate in-
terfaces for many protein complexes, but TCR-pMHC modeling is a special case. The peptide is
short and flexible, the TCR CDR loops are highly variable, and the biologically relevant interface
is a composite surface formed by both the peptide and the MHC. As a result, general confidence
metrics may penalize or obscure alternative binding modes, and the predicted complex can be
strongly affected by template information. Template information is therefore both a strength and
a limitation. When a related TCR-pMHC structure exists, templates can steer the model toward
a plausible docking topology and prevent unrealistic placement of the TCR over the pMHC sur-
face. This is valuable because completely template free predictions can fail by placing the TCR

away from the peptide-binding groove or by generating a binding pose in which the peptide is
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displaced from the groove. At the same time, templates can bias the ensemble toward known
geometries and suppress alternative basins that may be biologically relevant.

Specialized TCR-pMHC methods address some of these problems by incorporating prior
information about the geometry of the complex. TCRdock [187] is one such method, developed
soon after AlphaFold2, that uses TCR-pMHC specific hand-made template information to bias
AlphaFold2 predictions toward more reliable docking geometries. Similarly, TCRmodel2 [188]
leverages the AlphaFold2 framework together with TCR-pMHC-specific sequence, template, and
filtering strategies to improve complex prediction. Despite these advances, TCR-pMHC structure
prediction remains challenging, largely because the number of experimentally resolved TCR-
pMHC complexes is still limited compared with the diversity of possible TCRs, peptides, and
MHC alleles [188]. Moreover, a general structural confidence score or energy-based score is
not sufficient to fully characterize a binding pose, because environmental effects are need to be
considered to estimate biophysical quantities such as K p and k.g. Thus, TCR-pMHC recognition

provides an ideal test case for AF2-RAVE.

7.3 Antigen Recognition and the HHAT Wild-Type/Neoantigen System

The HHAT, or hedgehog acyltransferase, system is a useful example because it links neoanti-
gen recognition to a specific structural mechanism. For the studied HLA-A*02:06 system, the
wild-type peptide is KQWLVWLLL, whereas the L75F mutant peptide, often denoted HHATpSF,
1s KQWLVWLEFL [189, 190]. The 302TIL TCR recognizes the mutant pMHC more strongly than
the wild-type pMHC, and this difference has been attributed to mutation-induced preorganization

of the peptide. In particular, the Leu-to-Phe mutation alters the conformation of an upstream
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tryptophan residue, positioning it more favorably for TCR engagement [189, 190].

Although PDB entries are available for the HHAT wild-type and mutant TCR-pMHC sys-
tems, they do not contain resolved coordinates for the TCR chains. However, the peptide con-
formations in the presence and absence of TCR binding provide useful structural information,
especially for evaluating whether the predicted peptide rotamers and recognition geometry are
reasonable. This makes the HHAT system a valuable test case: the full complex is challenging
enough that AF2 has limited direct structural guidance, but the available peptide conformational
information still provides an experimental reference for evaluating AF2-RAVE predictions.

Experimentally resolved HHAT pMHC and TCR-pMHC structures provide useful refer-
ences for evaluating the predicted complexes. I used the available peptide conformations to assess
the predicted HHAT peptide rotamers, and used the TCR3d-curated 6UK2 biological assembly
as the full-complex reference for comparing TCR docking, CDR-loop geometry, and interface
contact preservation [191]. Thus, the HHAT system is a useful test case because both peptide-
level and full TCR-pMHC recognition features can be compared against experimental structural

information.

7.4 Results

7.4.1 Metadynamics ranks AlphaFold-Multimer binding poses

To begin, following the AF2-RAVE workflow, I generated approximately 1900 initial struc-
tures for the TCR—pMHC complex using AlphaFold-Multimer (AF-M) [192]. Because this is a
multichain protein complex, I used larger reduced-MSA depths, typically 64 or 128, rather than

the smaller depths such as 8 or 16 used for single-chain proteins. In the single-chain case, the
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Figure 7.1: Binding-pose metadynamics for complex filtering: a) Interface RMSD, used as the biasing
coordinate, plotted against simulation time for two selected initial binding poses out of 23. These two
poses were selected as positive-control (left) and negative-control (right) examples. Each time series
corresponds to one replicate. b) Conceptual representation of ¢(¢) between two consecutive
bias-deposition steps. ¢) ¢(t) versus RMSD plot depicting the average bias deposited during unbinding.
d) Ranking based on the minimum value of ¢(¢). A structural comparison between the predicted peptide
conformation (light violet) and the experimental conformation (black) is shown on the right.

goal is usually to perturb tertiary contacts within one folded protein. In the complex case, the
goal is instead to perturb the interchain contacts that define the binding pose while preserving the
folds of the individual chains. In this sense, the problem is closer to a cofolding, or fold-and-
dock, setting, where both the structures of the partners and their relative interface geometry must
be assessed [187].

I observed that sequence information alone did not generate structures corresponding to
the experimentally observed peptide conformations and TCR-pMHC binding geometries(Fig.
G.1). Therefore, similar to the S100 systems discussed in the previous chapter, I used template
information to guide the initial complex generation. First, I ran a default AF-M prediction using
full MSA and template information to obtain one reference complex. I then used this complex
as a template and performed a reduced-MSA AF-M protocol to generate a diverse set of initial

TCR-pMHC structures. Because multichain structure predictors can produce unphysical complex
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models, I applied geometric and chemical filters to remove structures with broken peptide bonds,
severe steric clashes, or other violations of basic molecular geometry. After filtering and applying
the regular-space clustering procedure prescribed by AF2-RAVE, I obtained 23 distinct binding
modes.

To select the most stable binding modes from these candidates, I performed binding-pose
metadynamics. In this step, a short metadynamics was run using the interface RMSD as the
biased coordinate [193]. The metadynamics parameters were intentionally chosen to strongly
perturb the interface, because the goal was not to obtain a fully converged free-energy surface
but rather to test the robustness of each binding pose under enhanced fluctuations. In other
words, poses that remain stable even after frequent bias deposition are interpreted as stronger
binding modes, whereas weakly bound or poorly packed poses are expected to dissociate or
rearrange more readily. The reversible work associated with the applied bias can therefore be used
as an enhanced-sampling-based score to help rank and filter the predicted TCR-pMHC binding
poses. This scoring term corresponds to the ¢(t) [6] quantity discussed in Chapter 1. I therefore
performed three 10 ns replicates of binding-pose metadynamics and used the minimum ¢(¢) value
as the score for selecting more stable binding poses.

As a proof of concept, I selected a positive and negative control based on the simulation
and visual inspection. Essentially, I picked the one where even the interaction between the TCR
chains was weak as the negative control and the one with the least change in RMSD as the
positive control. The RMSD time series for the controls are shown in Fig. 7.1a. Now, the score
for this test is given by the minimum of ¢(t) (Fig. 7.1b). The behavior of ¢(t) can also be seen in
Fig. 7.1c and in Fig. G.2. Thus, based on the score, the ranks are shown in Fig. 7.1d. Clearly,

our negative control was dropped, and the stable positive control was picked by this scoring
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mechanism. Further, the MHC domains of the final ranked conformations were aligned with the
experimentally resolved MHC domain under TCR influence. Then, the overlay of the peptide is
shown in Fig. 7.1d. The peptides overlap remarkably well, thus qualitatively showing that such a

filtering procedure can be useful for handling complexes.

7.4.2 AF2-RAVE for TCR-pMHC Complexes
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Figure 7.2: AF2-RAVE-selected conformations: a) SPIB latent space for the TCR-pMHC complex. b)
AF2-RAVE picked structures (2 per basin) with TCRs (silver) aligned and fixed.

To complete the AF2-RAVE protocol, 100 ns of unbiased molecular dynamics simulation
was performed for each complex, giving a total of 400 ns of unbiased simulation. Interface
features were selected from all pairwise contacts at the TCR-pMHC interface using the coefficient
of variation and the AMINO scheme [194] prescribed in the updated AF2-RAVE protocol [167].
This procedure produced a set of ~20 interface features.

Using these features, SPIB-derived reaction coordinates were learned with a time lag of 2 ns
(Fig. 7.2a). The learned latent space identified three metastable regions. Representative structures
from these regions are shown in Fig. 7.2b. The first two basins correspond to alternative modes of
peptide engagement by the TCR CDR loops, consistent with canonical TCR-pMHC recognition.
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The third basin represents a distinct recognition state in which the TCR« chain forms the largest
number of contacts with the peptide. Although this state is less stable than the dominant basins,

it may represent a metastable recognition mode or an intermediate along the unbinding pathway.

7.4.3 Structural validation of AF2-RAVE basins

To evaluate whether the AF2-RAVE-selected basins recover the experimentally observed
TCR-pMHC recognition geometry, I compared representative structures from basin 0 and basin 1
against the TCR3d-corrected 6UK?2 biological assembly. For each comparison, the MHC domain
was aligned first, and the resulting coordinates were used to evaluate the peptide, CDR loops,
and TCR placement relative to the reference (Fig. 7.3). This alignment isolates differences in the
TCR-peptide recognition geometry from small differences in the MHC scaffold.

After MHC alignment, basin 0 and basin 1 both placed the peptide close to the reference
peptide conformation, with peptide backbone RMSDs around ~ 14 (Other metrics are in Ta-
ble 7.1). The two basins differed more strongly in the placement of the TCR and specifically
CDR loops. Basin 1 showed closer agreement for both CDR3 loops, with TCRa CDR3 and
TCR/ CDR3 backbone RMSDs around ~ 1A. In contrast, basin 0 showed larger CDR3 devia-
tions, consistent with an alternative TCR recognition pose. To compare the interface interaction
pattern, I also calculated the () value defined in Eq. 1.19, restricting the native contact set to
heavy-atom contacts between the TCR CDR loops and either the peptide or the MHC in the cor-
rected reference structure. Both basins preserve the peptide-facing CDR contact network well,
while basin 1 better preserves the broader CDR-MHC interaction network.

Together, these results show that AF2-RAVE can move beyond static structure prediction
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Figure 7.3: Validation of AF2-RAVE-selected TCR-pMHC structures against the crystal structure:
Representative structures from basin O (left) and 1 (right) are aligned to the reference MHC (PDB:
6UK?2). The top MHC-aligned structures compares the global TCR-pMHC docking/positioning geometry,
while the bottom highlights the interface interaction between the peptide, CDR loops and MHC.

by separating predicted complexes into dynamically meaningful basins and revealing alternative

modes of antigen recognition.

7.5 Conclusion and Future Work

Overall, this chapter demonstrates how to handle multiple-chain systems using reduced-
MSA and AF2-RAVE protocols. I investigated the role of templates and the effect of reduced
MSAs in protein-complex prediction, with a particular focus on TCR-pMHC recognition. By fol-
lowing the AF2-RAVE protocol, I also demonstrated the importance of geometry- and chemistry-

based filters and included the binding-pose metadynamics-based filter.
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Table 7.1: Quantitative validation of AF2-RAVE-selected structures after MHC alignment. RMSDs
were calculated after aligning the MHC backbone to the corrected 6UK2 biological assembly. () val-
ues were calculated using native heavy-atom contacts between the CDR loops and either the peptide
or the MHC.

Metric Basin(0) Basin1
Peptide all-heavy atom RMSD (A) 1.33 1.53
TCR backbone RMSD (A) 5.38 2.14
TCRa CDR3 RMSD (A) 3.31 1.02
TCRB CDR3 RMSD (A) 3.01 0.84
All CDR backbone RMSD (A) 4.01 2.33
@ value, CDR-peptide 0.94 0.94
@ value, CDR-MHC 0.63 0.76

Finally, I completed the AF2-RAVE workflow and identified three distinct metastable states
for the TCR-pMHC complex. These results were evaluated using the experimentally resolved
pMHC structure in the presence of the TCR as a reference. For the selected peptide rotamer, the
TCR appears to sample three stable or metastable binding modes. Future analysis of the neoanti-
gen mutant, together with additional unbinding simulations, will help clarify the molecular basis
of TCR recognition for this pMHC ligand. This direction is particularly important from an im-
munology perspective and from a methods perspective, given the current limitations of cofolding

models for predicting flexible and weakly stable biomolecular complexes.
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Chapter 8: CAR-BOOSTing T-Cell Responsiveness through Synaptic Cleft En-

gineering

[This chapter is based on: Justin M. Mirazze*, Akashnathan Aranganathan*, Jaehyun Suh*®,
Xiang Chen*, et al. CAR-BOOSTing T-Cell Responsiveness through Synaptic Cleft Engineering.
Nature Chemical Biology. (under revision)(*- equal contribution)[195]. I contributed to the

method development and analysis of cryo-ET data for synaptic cleft calculation. ]

8.1 Introduction

The engineering of T-cells with chimeric antigen receptors (CARs)—synthetic proteins
that enable antigen recognition independently of MHC complexes—has undergone major ad-
vances in recent years[196, 197, 198, 199]. CAR T-cells have demonstrated success in treating
relapsed/refractory B-lineage leukemia and lymphoma. However, many patients fail to stay in
remission, often due to antigen loss on leukemic cells[200, 201, 202, 203, 204]. Poor CAR
T-cell cytotoxicity against tumors expressing < 103 ligands[205, 206] is strongly associated
with relapse. To address such immune escape, clinicians have developed strategies, includ-
ing: 1) targeting multiple antigens[207, 208]: 2) incorporating CAR elements into the TCR
complex through T-cell receptor fusion constructs (TruCs)[209], synthetic TCR and antigen re-

ceptors (STARs)[210], in which the VH and VL domains are fused to TCR« and § chains, re-

113



spectively, and HLA-independent TCRs (HITs), which similarly couple antigen recognition to
the endogenous TCR complex while incorporating 4-1BB costimulation and, in some designs,
co-expressed CD80/4-1BBL signaling domains[211]); 3) harnessing TCR/CAR crosstalk to en-
hance anti-tumor cytotoxicity while sparing healthy tissues[212]; and 4) replacing the CD8«
hinge/transmembrane with CD28[213], amongst others. While these approaches have all in-
creased CAR responsiveness, the determinants of CAR sensitivity remain incompletely under-
stood.

Here, we investigated how CAR design parameters influence sensitivity using CD19-targeting
constructs with varied hinge, transmembrane, and co-stimulatory domains, and found that—
within specific hinge/co-stimulatory combinations—the hinge region exerted the strongest im-
pact. To enable rational design, we developed a computational pipeline—Chimeric Antigen Re-
ceptor Biophysically Oriented Optimization of Synaptic Topology (CAR-BOOST)—that tunes
hinge domains to the biophysical constraints of the native immune synapse. We validated CAR-
BOOST across CD19-, CD20-, CD22-, and CD33-targeting constructs, in settings spanning both

liquid and solid tumors.

8.2 Results

8.2.1 The hinge region of the CD19 CAR construct regulates CAR T-cell re-
sponsiveness to CD19'°" leukemia

Tisagenlecleucel (tisa-cel) and axicabtagene ciloleucel (axi-cel) constructs incorporate a
CD19-targeting FMC63 scFv and a CD3-( signaling domain (Fig. 8.1a), but differ in other
modular components. Tisa-cel includes a 45-amino acid hinge (H) and transmembrane domain
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(TMD), both derived from CD8¢, together with an intracellular 4-1BB costimulatory (CS) do-
main. In contrast, axi-cel includes a triple alanine linker and a 39-amino acid hinge derived
from CD28, together with a CD28 TMD and CS domain[199, 214] (Fig. 8.1a). To directly com-
pare these CARs, we cloned them into lentiviral vectors[214] with modified spacers for clon-
ability and comparability. Both CD28H-TMD-CS (axi-cel-like) and CD8aH-TMD-4-1BB CS
domain (tisa-cel-like) constructs efficiently killed NALM®6 leukemia with high CD19 expression
(~7x10* molecules/cell), but only the axi-cel-like CAR (CD28-based) was cytotoxic in vitro
against CD19"" cells (~1x 10? CD19 molecules/cell) (Fig. 8.1b).

We then systematically explored how permutations of H, TMD, and CS domains influence
surface expression and cytotoxic potential of FMC63-bearing CARs (Fig. 8.1c and Supplemen-
tary Fig. H.1a,b). Notably, constructs containing a 28H-8T combination, irrespective of the CS
domain, failed to express at the cell surface and therefore could not be included in our func-
tional comparisons (Supplementary Fig. H.1b). Among the remaining constructs, all mediated
efficient killing of CD19"8" Jeukemia; however, only CARs incorporating a CD28 hinge, regard-
less of whether they contained a CD28 or 4-1BB CS domain, retained high cytotoxicity against
CD19'° leukemia (Fig. 8.1d). Indeed, linear regression analysis of the killing index revealed the
H design as the dominant factor influencing cytotoxicity, with the CS domain contributing more

modestly (Fig. 8.1e,f), in particular when targeting CD19"" cells (Fig. 8.1g).
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8.2.2 Optimizing the CD8«-derived hinge for increased responsiveness of the
tisa-cel-like CAR to CD19'°" leukemia

Our previous studies[215, 216] along with additional analyses of the intrinsic disorder in
the CD8a-derived and the CD28-derived hinges (Supplementary Fig. H.1c,d) highlighted the
structural distinctions of these hinges. We therefore systematically tested whether truncation of
the CD8« hinge in the tisa-cel-like CAR would alter its efficacy against CD19"" tumors. We
generated a series of CD19 (FMC63) CAR designs using the CD8« hinge as a framework, either
truncating the hinge at the N-terminus or extending the hinge with a flexible linker composed of
glycines (G) and serines (S) (Fig. 8.2a). We then assessed expression of all CAR constructs on
transduced T-cells; due to differences in cell surface detection, with lower detection of CARs har-
boring shorter hinges, transduction levels were evaluated via a truncated form of EGFR (tEGFR)
containing extracellular domain III and the EGFR transmembrane domain[217] (Supplementary
Fig. H.le,f).

We first evaluated the different CAR-T designs for their ability to bind target cells. While
this parameter was found to be predictive of in vivo tumor eradication in previous studies[218,
219], in vivo potential is influenced by a convolution of multiple parameters including cytotox-
icity, expansion, resistance to exhaustion, and others[220, 221, 222, 223]. We found that CAR
T-cell binding to antigen, assessed using the Lumicks zMovi® platform, did correlate with sur-
face staining (Supplementary Fig. H.1f-h), but it did not correlate with tumor cytotoxicity (Sup-
plementary Fig. H.1h and Fig. 8.2b). Of note, CAR constructs with shorter CD8« hinge lengths
exhibited lower target binding but higher cytotoxicity.

We then assessed the responsiveness of CAR T-cells with different CD8« hinge lengths
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as a function of their cytokine secretion profiles. Using a quantitative IMMUNOTtron robotic
platform[224], assessing kinetic responses as a function of CAR ligand abundance (Supplemen-
tary Fig. H.2a-d), we found that IL-2 was the most suitable readout for the comparative evaluation
of our modular CAR designs. IL-2 secretion profiles against target cells expressing varying levels
of CD19 could be fitted and parameterized with the EC5, (i.e. the abundance of CD19 required
to achieve 50% of the maximal response for each CAR construct). We found that the CD19
CARs with 8H15 and 8H27 exhibited 9- and 30-fold improvements in IL-2 ECj, relative to the
canonical tisa-cel-like 8H47CAR (Fig. 8.2c), respectively. Evaluation of IFN+v production by
the different CARs also identified the 8H27 CD19 CAR as the most responsive to antigen'®"
leukemia (Supplementary Fig. H.2e). For IFN~, EC5gs, across 4 donors, 8H27 showed signifi-
cantly lower EC5, than 8H15 (paired t-test on log;y ECsg, one-sided p = 0.006), corresponding
to an "4-fold improvement in potency (Supplementary Fig. H.2e). We leveraged these measure-
ments to generate a comprehensive map of the responsiveness of all CAR constructs across all
CAR ligand densities (Fig. 8.2d), revealing a strong correlation between cytotoxicity and IL-2
EC;5 (Fig. 8.2e). Truncating the CD8«a hinges in CD19 CARs—from the canonical 8H47 to
shorter variants such as 8H27, 8H15, or 8H8—significantly enhanced CAR-T responsiveness.
Among these, 8H15 and 8H27 demonstrated superior performance compared to all others, sug-
gesting an optimal hinge length for maximizing CAR activity (Fig. 8.2b,c and Supplementary
Fig. H.2e,f). We then evaluated three CAR-T designs incorporating the canonical 8H47 hinge
or the shortened 8H8 or 8H15 hinges in vivo, in NOD.Cg-Prkdcs“4112rg"™Wil/SzJ (NSG) mice
engrafted with NALMG6 leukemia. All constructs efficiently eradicated CD19%8" NALMS6 cells
in NSG mice; however, 8H15 CD19 CAR T-cells mediated the most durable control of CD19'%

NALMSG6 tumors (Fig. 8.2f). Consistent with this finding, the median time to tumor relapse was
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approximately 10, 17, and 27 days for mice treated with 8H47, 8H8, and 8H15 CD19 CAR T-
cells, respectively (Fig. 8.2g). Notably, time to relapse inversely correlated with in vitro IL-2
secretion ECyy, measured for each CAR design (Fig. 8.2g), supporting antigen-dependent 1L-2
production as a robust ex vivo surrogate for in vivo anti-tumor performance.

Given the superior clinical efficacy of Axi-cel (28H-28T-28CS) relative to Tisa-cel (8H-
8T-41BBCS) in B cell lymphoma[225, 226, 227] and prior evidence that replacing the CD8«
hinge with a CD28 hinge enhances antigen sensitivity[213], we next assessed whether our op-
timized shortened CD8« hinge (8H15 and 8H27) could outperform an Axi-cel-like benchmark
(28H42-28T-28CS (28H42-28)). Indeed, in mice engrafted with CD19'°" leukemia, treatment
with 8H15- and 8H27-based CARs resulted in significantly improved tumor control and survival
compared with either the conventional 8H47-BB (tisa-cel-like) or 28H42-28 (axi-cel like) con-
structs (p<0.001 at days 18 and 25 for both donors; mean survivals of 46 and 43 days vs. 29 and
34 days, respectively; Fig. 8.2h and Supplementary Fig. H.2g,h). Moreover, incorporation of the
optimized 8H27 hinge into the Axi-cel-like backbone (8H27-28T-28CS (8H27-28)) significantly
enhanced anti-tumor efficacy relative to the standard Axi-cel-like construct (p<0.0001 at day 25
for both donors, Fig. 8.2h and Supplementary Fig. H.2g,h) although it did not fully recapitulate
the performance of the corresponding 8H27 CAR incorporating a 4-1BB costimulatory domain.
Collectively, these data demonstrate that CD19 CARs bearing shortened CD8« hinges and 4-
1BB costimulation outperform conventional CD28 hinge-based CAR architectures, underscoring
the critical contribution of integrated CAR structural design—rather than co-stimulatory domain
choice alone—to effective tumor clearance in low-antigen settings.

These optimized CARs exhibited markedly enhanced responsiveness, with up to 100-fold
increases in antigen sensitivity across liquid tumors, monitored as a function of IL-2 secretion
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(Supplementary Fig. H.2i). The CD8« hinge length dependency similarly extended to the eradi-
cation of a CD19-expressing melanoma solid-tumor model (Supplementary Fig. H.2j). Thus, the
responsiveness of CD19 CAR T-cells against CD19'°Y tumors—measured by cytokine secretion
as well as in vitro and in vivo killing—proved to be highly sensitive to the CAR’s hinge design,
with dramatic changes resulting from the deletion of as few as 7 amino acids in the CD8« hinge

and an optimal sequence length of 15-27 amino acids.

8.2.3 Modeling CAR-generated synaptic clefts using an AlphaFold2RAVE (AF2RAVE)-
based model.

Building on these findings, we hypothesized that the CD8« hinge sequence length modu-
lates the depth of the CAR-induced synaptic cleft, enabling spatial conformation with the canoni-
cal TCR immune synapse (IS) geometry and thereby optimizing CAR T-cell responsiveness[228,
229, 230, 231]. Consistent with this model, we recently demonstrated that incorporation of TCR
signaling components, such as ZAP-70, into a CD19-directed CAR alters both its recruitment and
dwell time at the immunological synapse compared with CARs containing only a co-stimulatory
domain[232]. Guided by these observations, we therefore first characterized the geometric fea-
tures of the endogenous TCR IS[232, 233, 234, 235, 236, 237, 238]. The endogenous TCR-
driven synapse is composed of a central supramolecular activation cluster (¢cSMAC) accumulat-
ing TCR-MHC, CD2-CDS58, and CD28-CD80/86 complexes, a peripheral SMAC (pSMAC) with
ICAM-1/LFA-1 complexes, and a distal SMAC (dSMAC) composed of CD45. Recently, it has
been shown that some co-stimulatory protein receptors, such as CD2, move toward the dSMAC

and are presented in the corolla region of the canonical TCR synapse[239, 240]. We explored
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how this spatial organization imposes intermembrane distance constraints essential for T-cell ac-
tivation (Fig. 8.3a) by modeling these complexes using AlphaFold-Multimer with reduced MSA
input. We found that a functional synapse (cSMAC) must have a very tightly constrained depth
between 12.5 and 14.5 nm (Fig. 8.3b, Supplementary Fig. H.3). These bounds defined three inter-
membrane regions: one central functional synapse region (S) and two peripheral regions, O; and
O,. We hypothesized that CAR/CAR ligand complexes must accumulate specifically within the
S region—rather than in O; or O,—to contribute to cSMAC formation and robust downstream
signaling.

We then developed a protocol to computationally estimate this partitioning, assuming inde-
pendent end-to-end (z.2.) distance distributions for contacting receptors, enabling target-agnostic
transferability and reduced computational cost (Fig. 8.3c). We validated our hypothesis assump-
tion on the TCR IS using reduced MSA AlphaFold2 (rMSA-AF2)[91] as the distribution gener-
ator; the method qualitatively places cSMAC receptor complexes (Fig. 8.3d and Supplementary
Fig. H.4) within the functional synapse region while pSMAC proteins (CD45 and ICAM-1/LFA-
1 complex) were too large to fit within a cleft that was smaller than 14.5 nm (Fig. 8.3d). We
then implemented an AF2RAVE-based conformational distribution generator[94] to evaluate the
responsiveness of CARs with different CD8« hinge lengths, producing transferable 2o, distribu-
tions (Fig. 8.3e,f, Supplementary Fig. H.5, Supplementary Fig. H.6). As opposed to other recent
distribution generators[241, 242, 243, 244], we favored AF2RAVE for its ability to reweight
rMSA-AF2 ensembles by accounting for environmental variables such as temperature, pressure,
ion concentration and others using enhanced sampling molecular dynamics[64, 94] (Supplemen-
tary Fig. H.6). Furthermore, combining physics-based sampling with a data-driven generator
enables a more efficient modelling of disordered protein regions (Appendix H, Modelling Meth-
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ods). To our knowledge, this is the first study to optimize CAR design based on modeling inter-

membrane synapse distributions and matching the architecture of the TCR IS.

8.2.4 CAR T-cell responsiveness to a CD19™" tumor is dependent on the inter-

membrane distance distribution of the CAR IS.

The distributions of in silico intermembrane distances—modeled for T-cells harboring
CD19-targeting FMC63-based CARs with distinct CD8« hinges (Fig. 8.4a) interacting with
CD19-expressing leukemia target cells—revealed that an IS formed by an 8H27 CAR is more
likely to fall within the S region (13.5 = 1 nm) as compared to other CAR constructs (Fig. 8.4b).
It was therefore of interest to directly measure how different CD19 CAR constructs impacted the
actual widths of the immunological synapses generated by CAR T-cell/target cell interactions.

We first considered using conventional electron microscopy (EM) to estimate the depth of
the synaptic cleft[245] assembled by our different designs of CAR. However, EM relies on fix-
ation and metal-sputtering for imaging, which can cause relatively large standard deviations for
distance measurements. In contrast, standard deviations of < 1 nm have been reported[246] for
microtubule measurements performed by cryogenic electron tomography (cryo-ET) (Fig. 8.4c¢).
Indeed, using cryo-ET, we measured a standard deviation for the 25 nm microtubules of 0.9
nm (Supplementary Fig. H.7b). Most importantly, we found that the average depths for synap-
tic clefts associated with the 8HS, 8H15, and 8H47 CARs were 11.57+0.79, 12.22+0.83, and
14.1940.94 nm, respectively (p=0.03 for 8H8 vs. 8H15, p=0.05 x 10~ for 8H15 vs. 8H47, and
p=0.04 x 107'2 for 8HS vs. 8H47; Fig. 8.4c, Supplementary Fig. H.7c-e, and Supplementary

Fig. H.8), quantitatively matching our theoretical predictions for the functional synapse region

121



(Fig. 8.4d). We then derived a simple scaling law for the depth of the synaptic cleft as a function
of the hinge length and predicted that a 8H27 FMC63-based CAR would generate a 13.4 nm-wide
synapse that best matches the geometry of the natural immunological synapse and results in op-
timal activation (Fig. 8.4e). Finally, our results revealed that the 8H47 tisa-cell-like CAR creates
a suboptimal 14.2 £ 0.9 nm synaptic cleft (Fig. 8.4c)—Ilikely accounting for its reduced potency
compared to the optimal 8H27 CAR design when targeting CD19'°" tumor cells (Fig. 8.2b,c,d,e).

We then introduced a quantitative parameter ¢, to correlate our structural predictions with
our functional measurements of CAR T-cell activation. We computed ¢ as an ensemble parameter
that sums the energetic and entropic costs of localizing in the O; or O, region as compared to the S
region of the synapse (Fig. 8.4b,f). When the CAR/CAR ligand pair resides in the O; region (2e2e
< 12.5 nm), it displaces other synaptic interactions (e.g. TCR-MHC, CD28-CD80), resulting in a
suboptimal synapse. In contrast, when the pair localizes to the O, region (ze2, > 14.5 nm), it fails
to physically exclude the CD45 phosphatase, thereby limiting CAR activation. Hence, ¢ = AG,
+ A, is the free energy cost of accurately localizing the CAR/CAR ligand in S to the exclusion
of O; and O,. In other words, this parameter quantifies the relative probability of finding the
CAR/CAR ligand complex within S compared to outside S in O; or O, (Appendix H, Modelling
Methods). We found a quantitative agreement between the in silico model ¢ values and functional
readouts such as IL-2 EC5q in vitro and time to tumor relapse in vivo (Fig. 8.4g). Note that the
longer hinges—8H61 and 8H76—were outliers (Fig. 8.4g), likely because of the computational
undersampling arising from their larger sizes. Altogether, our cryo-ET measurements matched
our structural model and highlighted the critical role of the CAR design—and in particular, its
hinge—for matching the natural geometry of the immunological synapse and achieving optimal
CAR partitioning in S and CAR responsiveness.
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8.2.5 CAR-BOOSTing model predicts maximally responsive hinges across mul-
tiple CAR targets

Functional and conformational studies of the CD19 FMC63-based CAR led to the develop-
ment of our CAR-BOOST model for CAR T-cells. Our computational pipeline relies on epitope
location to determine the optimal hinge length for maximizing responsiveness, based on CD19
CAR T-cell measurements and synapse modeling. Since our model is based on the functional
synapse gap (S), we next experimentally validated our CAR-BOOST predictions across pan-
els of CD8« hinge variants and scFvs targeting clinically relevant leukemia antigens—CD22
(m971)[247], CD20 (Leu-16)[248], and CD33 (SGN33)[249] —using tumor cell lines engi-
neered to express low levels of each respective antigen (Fig. 8.5a). CAR-BOOST modeling
predicted distinct epitope distances from the target cell membrane, with CD22, CD20, and CD33
epitopes spanning membrane-distal to membrane-proximal positions (Fig. 8.5a-c). Given the
dynamic and flexible nature of these target proteins, we generated conformational ensembles to
capture the distribution of epitope locations relative to the extracellular leaflet of the leukemia cell
membrane (Fig. 8.5b and Supplementary Fig. H.9). Based on these predicted epitope distances,
we designed CARs incorporating either extended CD8« hinges (up to 91 aa) for membrane-
proximal epitopes (e.g., CD22) and progressively shortened hinges (as short as 3 aa) for membrane-
distal epitopes (e.g., CD33), enabling direct experimental testing of CAR-BOOST-guided, target-
specific hinge optimization.

Given the ~14.5 nm upper bound for the immune synapse depth and the typical diameter of
an scFv (~3.5 nm), the optimal hinge region should not exceed 11.0 nm. We then experimentally

validated our CAR-BOOST predictions across the panels of CD8« hinges and scFVs targeting
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CD20, CD22, and CD33, using cell lines engineered to express low levels of the respective target
antigens. Using IL-2 secretion as a measure of T-cell activation (Fig. 8.5d), we tested hinges
ranging from 3 to 91 aa as a function of the epitope location and identified optimal hinge lengths
of 51, 47, 27, and 3 amino acids for CD20, CD22, CD19, and CD33 CARs, respectively—
showing an inverse correlation with epitope distance from the cell membrane. We then compared
the theoretical ¢ values with IL-2 EC;, for each CAR T-cell/leukemia target pair and found
a linear relationship between CAR-BOOST-predicted ¢ values and the responsiveness of the
respective CAR T-cells (Fig. 8.5e).

In the context of the CD22 CAR—which has demonstrated significant clinical success
in patients with relapsed/refractory CD22" B-ALL[250, 251]—we found that the chosen 8H47
hinge exhibited the highest ex vivo responsiveness, as predicted by CAR-BOOST. In the con-
text of the CD33 CAR, we observed that the shortest hinge (8H3), comprising only 3 amino
acids, elicited the highest levels of IL-2 secretion in response to CD33!°" leukemia, raising the
possibility that the comparatively poor clinical responses reported with a CD33 CAR incorpo-
rating a longer 42-aa CD28 hinge may, at least in part, reflect suboptimal synaptic geometry for
low-antigen-density target recognition. In contrast, CD20 CAR T-cells exhibited optimal func-
tion against CD20'°" NALM6 when a longer hinge (8H51) was incorporated—consistent with
the predicted proximity of the CD20 epitope to the target cell membrane. Since ¢ values are
related to free energy differences, CARs that achieve more negative values (compared to posi-
tive ones) would demonstrate better activation profiles. This was confirmed experimentally for
CD22, CD20 (Fig. 8.5¢) and CD19 CARs (Fig. 8.4g). For CD33 CARs, all constructs, including
8H3, exhibit a positive ¢ value because the target protein alone positions the epitope in the Oy
region—outside of the optimal range for the generation of an immunological synapse < 14.5 nm
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(Fig. 8.5b.e).

As expected from our modeling and experimental in vitro studies, CD22 CARs with 8H47
and 8H76 exhibited superior in vivo eradication of CD22°% NALM6 (Fig. 8.5f,g). We also
estimated the time to tumor relapse, which occurred at 1, 8, 14, and 16 days in mice treated with
the 8H15, 8HI91, 8H76, and 8H47CD22 CAR T-cells, respectively (Fig. 8.5h). These times were
inversely correlated with the in vitro IL-2 EC;, of the different CD22 CARs as well as the in silico
CAR-BOOST ¢ values (Fig. 8.5h). Our systematic evaluation of CARs targeting distal, median,
and proximal epitopes in the CD33, CD19, CD22, and CD20 cell surface proteins validates the
predictive power of the CAR-BOOST algorithm. We then extended CAR-BOOST validation to
CD28- and IgG4-based hinge architectures. AF2RAVE more accurately predicted z.o. distance
distributions than rMSA-AF2 (Supplementary Fig. H.10a,b). These distributions aligned with
optimal synaptic cleft spacing and ¢ values for CD19 CARs incorporating 8H15, 8H27, and
IgG4H15 hinges, but not 28H42 (Supplementary Fig. H.10), paralleling their superior in vitro
and in vivo activity (Fig. 8.2g, Supplementary Fig. H.2g,h, and Supplementary Fig. H.10c). Thus,
when the CAR epitope position is identified, CAR-BOOST can leverage the endogenous TCR-
pMHC functional synapse gap (S), and the thermodynamic ¢ parameter can be used to predict

the optimal length for maximizing CAR sensitivity to antigen'" tumors (Fig. 8.4g and Fig. 8.5¢).

8.3 Discussion

CAR-BOOST establishes a quantitative framework for precisely tuning CAR T-cell re-
sponsiveness through the rational engineering of synapse geometry. Our study identifies the

hinge region as a central regulator of CAR sensitivity and introduces a systematic strategy for
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optimizing CAR design. Prior work showed that CD19-directed CARs incorporating a CD28
hinge exhibit enhanced responsiveness against CD19'°" tumor cells compared with CARs bear-
ing a CD8« hinge[213]; however, the mechanistic basis for this observation remained unresolved.
Resolving this question is of direct clinical relevance, as the axi-cel construct—which incorpo-
rates a CD28-hinge and transmembrane domain—has demonstrated superior efficacy relative to
tisa-cel in patients with B-cell lymphoma, but at the cost of substantially increased immune cell-
associated neurotoxicity syndrome (ICANS) and cytokine release syndrome (CRS), as well as
higher T-cell exhaustion profiles[225, 227, 252].

Preliminary modeling identified hydrophobic residues in the N-terminal portion of the
CD28 hinge, originating from the Ig-like V-type domain, as promoting a collapsed structure[215,
228]. Similar qualitative insights have been reported[213, 228, 253, 254, 255, 256, 257, 258, 259,
260], but the hypothesis that the end-to-end distance of the CAR hinge regulates CAR-T respon-
siveness had never been tested. Here, we developed CAR-BOOST by integrating rMSA-guided
AF2 modeling with AF2RAVE-generated conformational ensembles, and show that geometric
optimization of CAR hinge regions to match immunological synapse dimensions can be lever-
aged to enhance CAR T-cell responsiveness against antigen-low tumors. Systematic variation
of hinge length across multiple CAR targets validated the target-specific nature of this design
strategy. Notably, our findings provide a quantitative mechanistic framework that explains prior
qualitative observations suggesting that longer hinges are more adequate for membrane-proximal
epitopes, whereas shorter hinges are advantageous for membrane-distal epitopes[213, 228, 253,
254, 255, 256, 257, 258, 259, 260]. Consistent with this model, truncation of the CDS8 hinge di-
minished the activity of EGFR-directed CAR T-cells targeting a membrane-proximal epitope, but
not a distal epitope[256]. Nonetheless, whether CAR T-cell responsiveness is directly governed
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by the end-to-end distance imposed by the hinge region has not been previously quantitatively or
systematically tested.

Specifically, our study yields four key insights. First, we define an optimal CAR synaptic
cleft distance of 13.5 £ 1 nm, closely matching the width of a canonical TCR-mediated synaptic
cleft[245]. Second, we introduce CAR-BOOST as a computational pipeline that predicts CAR
responsiveness based on epitope membrane proximity and CAR structural parameters. Third,
we experimentally validate this model by demonstrating a nonlinear relationship between CAR
architecture (with variable hinge lengths), synaptic cleft dimensions measured by cryo-EM, and
T-cell responsiveness assessed in vitro. Finally, we show that CAR constructs optimized to geo-
metrically match the TCR-pMHC synaptic cleft confer prolonged survival in preclinical human-
ized tumor models.

CAR-BOOST further enables the preemptive exclusion of non-ideal epitopes. For exam-
ple, the membrane-distal CD33 epitope targeted by SGN33 imposes a synaptic cleft distance
exceeding 15 nm, independent of hinge length, and is therefore predicted to yield suboptimal
CAR activation. Consistent with this prediction, we observed a deleterious 10-fold increase in
EC;5y compared with CD19- and CD22-directed CAR T-cells. In addition, unstructured hinge
sequences longer than ~51 amino acids—corresponding to an average end-to-end distance ex-
ceeding 11.3 nm—are unlikely to confer gains in CAR T-cell responsiveness. This rationale
obviates the need to model increasingly long and structurally intractable long hinge variants such
as 8H61, 8H76, and 8HI1. In the future, it will be important to incorporate the spatial organiza-
tion and lateral distributions of CARs within lipid bilayers. Nevertheless, in agreement with the
present findings, prior studies have shown that CAR activation can be tuned by receptor/antigen

dimensions that exclude CD45 from the immunological synapses[213, 228, 253, 254, 255, 256,
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257, 258, 259, 260]. CAR-BOOST is a more interpretable and predictive framework for CAR
design, supporting the incorporation of axial spacing constraints as a rational principle for next
generation approach CAR engineering.

While CAR-BOOST is immediately relevant to hematological malignancies, this model
can be extended to solid tumors and integrate with advanced technologies. By modifying the
hinge length, CARs can potentially discriminate target cells from healthy cells that express dif-
ferent levels of the same antigen, adding an additional layer of specificity. Combining CAR-
BOOST with dual or triple-targeting strategies could also mitigate tumor escape[261]. Further-
more, CAR-BOOST can be updated by refining S region classification and incorporating target-
dependent CAR z.9. distributions, moving beyond current assumptions of strict boundaries and
independence conditions.

Our findings lay the groundwork for a new paradigm in CAR engineering, where compu-
tational modeling informs rational and epitope-specific CAR design. This approach, integrating
in silico and in vitro validation, will support the development of more precisely targeted im-

munotherapies, ultimately enhancing therapeutic efficacy and improving patient outcomes.
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Figure 8.1: The hinge region of the CD19 CAR construct regulates responsiveness to CD19'°"
leukemia

a, Schematic depicting the tisa-cel-like and axi-cel-like CD19 CAR constructs, highlighting their distinct
hinge (H), transmembrane (TM), and costimulatory (CS) domains. b, The cytotoxic potential of axi-cel-
like and tisa-cel-like CAR T-cells against clonal GFPT NALMG lines expressing 7x10* (left) and 1x103
(right) CD19 molecules was assessed by Incucyte®. Tumor counts (a.u.) between 0 and 64 hours are pre-
sented as the ratio of GFPT NALMBG6 cells/mm? at each time point relative to the GFPT NALMG6 cells/mm?
at time O (representative of n=4 individual T-cell donors.. ¢, Schematic of novel domain-swapped CD19
CAR constructs, shown with solid borders, and their comparisons with the tisa-cel-like and axi-cel-like
CARs, shown with dashed borders. d, The cytotoxic potential of the domain-swapped CD19 CARs was
evaluated against NALMG6 clones by Incucyte® as presented in panel b (representative of n=4 individ-
ual T-cell donors). The solid lines represent the domain-swapped CAR constructs, and the dashed lines
represent the tisa-cel-like and axi-cel-like CARs. e, Bar plot and truth table depicting the normalized
cytotoxicity of the different modular CAR T-cells, defined as the inverse of the area under the normal-
ized tumor-count curve from 0 to 64 hours; higher values indicate greater tumor killing. Points represent
donor-level averages, and lines connect values derived from the same donor across constructs, highlight-
ing paired comparisons (n=4 individual T-cell donors). f, Bar plot of the model coefficients for the fitted
linear regression of the H, TM, and CS domains, presenting the impact of each independent variable on
cytotoxicity. g, Regression fit between the predicted and experimental normalized cytotoxicity values for
the different modular CD19 CARs.
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Figure 8.2: Optimizing the CD8« hinge for increased responsiveness of tisa-cel-like and axi-cel-like
CARs to CD19"°" leukemia.

a, Alphafold2 (AF2)-predicted transmembrane and extracellular structures of CARs with different CD8«
hinge lengths relative to the tisa-cel-like construct harboring a 47 amino acid (AA) CD8« hinge consisting
of 45 AAs derived from CD8« and a SG linker (noted as ‘conventional’). Constructs containing CD8a-
derived hinges greater than 47 AA were generated by inserting a glycine-serine sequence between the
SG linker and the CD8«a-derived amino acids. b, Normalized cytotoxicity is plotted as a function of the
number of amino acids in the CD8« CAR hinge (n=2-4 individual donors). ¢, IL-2 dose response curves,
averaged by donor following a 24-hour co-culture of the indicated CD19 CAR T-cells, are presented as a
function of CD19 antigen density (n=4 individual donors; left). Line plot of EC5( derived from the dose
response curves for each CD19 CAR construct is presented as a function of the number of amino acids
in the CD8« CAR hinge. Error bars represent the standard error of the means of ECsg from individual
donors (right). d, Heatmap depicting the mean log-transformed level of IL-2 secretion by CD19 CAR
T-cells following exposure to leukemia cells expressing different levels of CD19. The color bar on the
right indicates the scale for max-normalized IL-2. The cubic method is used to extrapolate IL-2 secretion
values for grid points within the observed data range (n=4 individual donors). e, Correlation between
cytotoxicity and the EC5¢ for IL-2 secretion (n=2-4 individual donors). f, Bioluminescence images of
NSG mice engrafted with GFP ' Luciferase™ NALMS6 (1 x 10) clones expressing either 7 x 10* (left) or
6 x 103 (right) CD19 molecules followed by adoptive transfer of the indicated untransduced (UNT) or
CD19 CAR-transduced T-cells (day +3, n=4-5 mice per CAR T-cell group). Data are representative of two
independent experiments using CAR T-cells from individual donors. g, Line plot of the average in vivo
radiance of mice treated with the indicated UNT or CD19 CAR T-cells as a function of time. An average
threshold radiance of 10 p/sec/cm?/sr is shown as a dotted line (top). Correlation between the EC5 for
IL-2 secretion and the time at which the average radiance intersects with the 10° p/sec/cm?/sr threshold
for each CAR construct (defined as ‘relapse time’, bottom). At day 10, differences between the indicated
CAR constructs were assessed using two-sided Mann—Whitney U tests with Holm correction for multiple
comparisons; asterisks denote adjusted significance. AA, amino acid. h, Bioluminescence images of NSG
mice engrafted with GFP* Luciferase™ NALMS6 clone expressing 6 x 103 CD19 molecules followed by
adoptive transfer of the indicated CD19 CAR-transduced T-cells (day +4, n = 4-5 mice per CAR T-cell
group). Data are representative of two independent T-cell donors (left). Bar plot of average in vivo tumor
radiance for mice treated with the indicated CD19 CAR T-cells on day+21 following CAR T-cell infusion
(one-way ANOVA with Tukey’s multiple-comparisons test; *:p < 0.05, **:p < 0.01, ***:p < 0.001,
##Ek¥p < 0.0001; right).

132



AntLgsn Presenting Cell ) 4 Lower Bound Upper Bound
i SRR
A

* Kinetic e N
segregation L) ;I
§ Or eredlg

=
CD45 RO
02

TCR - Microcluster
(cSMAC)

(psMAC)- L——(psmac) (dSMAC)-
Sequence Included Proteins Excluded Proteins
Distribution
SG ... YC generator 01 S 02
Receptor | TCR:MHC-I LN
= TCR:MHC-II
§ CD2:CD58 \
CD28:CD80 AN
Sequence CD28:CD86
Distribution end2end (e2e) D45 R
TA .. kR generator distance CD45 RO
ICAM-1:LFA-1 : : :

Receptor Il T f T
7.5 10.0 12.5 15.0 17.5 20.0 30.0 32.5 35.0

e2e distance (nm)

Ordered domains
(offset)

Generating hinges dataset

Reduced MSA AF2 Membrane Filter

Hinge + Transmembrane v Calculate 2
" >
SG ... DFACDT ... YC Z - distance g
3
Z-distance
Re-weight with enhanced
Chemical Bias Moleculalr Dynamics
‘s ‘/' |
g v Dataset of
CD8a Hinges
Reaction Coordinate
Synaptic cleft calculation for a given target
o1 S 02
Dataset of \W
CD8a Hinges — ‘7?
8
Target hinge models Reduced MSA AF2 Membrane Filter >
Hinge + Transmembrane 2 —
o e2e distance
TA ... SAVTLA ... KR a

Z-distance

Ordered domain models
scFv + Ig domain
DI .. SS: PE .. LT

AlphaFold2:monomer/multimer




Figure 8.3: Modeling synaptic clefts generated by CAR using an
AlphaFold2RAVE(AF2RAVE)-based model

a, Schematic of the immunological synapse. Small protein pairs that are costimulatory, such as CD2-CD58
and CD28-CD80/86, are generally positioned in the central portion of the synapse-the central supramolec-
ular activation cluster (¢cSMAC; TCR-microcluster)-potentiating signals initiated by the TCR complex
or the CAR [239, 240]. ICAM-1/LFA-1 and CD45RA/CD45RO localize to the peripheral SMAC (pS-
MAC) and distal SMAC (dSMAC), respectively; CD2-CD58 complexes can also occupy the corolla, with
c¢cSMAC-like spacing. Structures were generated using AF-multimer with full MSA information and vi-
sualized using Biorender. b, A cartoonist hypothesis presenting an imprecise definition of the lower and
upper bounds of a functional synapse (S). The upper bound was defined by taking the 2.9, for the ordered
domains (D1-D4) of CD45RO protein (0O2) obtained using tMSA AF2 (Supplementary Fig. H.3). To es-
tablish the lower bound (O1), we calculated the end-to-end distances of the ordered domains of the synapse
protein complexes using an tMSA approach on AF-multimer (Supplementary Fig. H.3). ¢, A schematic
representation of the CAR-BOOST model that assumes distributions arising from the contacting receptors
in the synapse to be independent. d, CAR-BOOST modeling to T-cell synapse proteins-using rMSA AF2
as the distribution generator-are shown in the density plots. e, Schematic of the AF2RAVE-based pipeline
to generate distributions of varied sequence lengths of the CD8«-derived CAR hinge and the transmem-
brane domain. f, Schematic depicting the rMSA AF2/ AF-multimer approach for generating multiple
structures for a specific target protein to determine the location of its epitope in the synaptic cleft. The
epitope’s sequential information is gathered from sequence mapping. The pipeline illustrates how to esti-
mate the optimal number of CD8a CAR hinge amino acids required for an effective CAR T-cell response
against an antigen'®" tumor.
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Figure 8.4: Cryo-ET links CD8c hinge-dependent synaptic distance to CD19 CAR T-cell
responsiveness

a, Cartoon representation of a synaptic cleft between CD19 on the leukemic cell and T cells harboring CAR
constructs incorporating 3, 8, 15, 27, 47, 61, and 76 aa CD8« hinges. b, Density plots presenting modeled
intermembrane distances between the CD19 epitope and the CAR constructs presented in Fig. 8.4a. c,
Representative cryo-ET images of the intermembrane regions between CD19" NALM6 leukemia cells
and T-cells expressing 8H8, 8H15, and 8H47 CD19 CAR constructs. Orange and green lines show ‘Inner
to Inner’ and ‘Outer to Outer’ distances measured between the inner and outer plasma membranes of the
CAR T-cell and leukemia cell, respectively (top). Calculated synaptic cleft distances + standard devia-
tion, as described in the Methods, are presented for each CAR and statistical differences between CAR
constructs with different CD8« hinges are shown (bottom). d, Comparisons between the density plots of
intermembrane distances calculated from the CAR-BOOST in silico model (solid lines) and from cryo-ET
experiments (dashed lines). Note that the leftmost in silico peak formed by the 8H47 CAR is due to the
membrane interactions in the simulation. e, Curve of the fitted power function depicting the mean synaptic
cleft distances relative to the number of amino acids in the CD8« hinge of the different CD19 CARs. f,
Bar chart displaying the AG values, calculated from the in silico model for each CAR construct. Note that
constructs with hinge lengths of less than 27 AA are not included in the AG> due to a lack of support in the
02 region. To overcome the lack of support in different regions the sum of the two AG values (¢ values)
for all CAR constructs are shown in the right panel. g, ¢ values are compared against in vitro IL2-ECsg
(top) and relapse time of leukemia-bearing NSG mice following adoptive CAR T-cell transfer (bottom).
The two outliers (§8H61 and 8H76) in the top panel result from a lack of convergence in sampling due to
the large length scale.
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Figure 8.5: The CAR-BOOST model predicts maximally responsive hinges across multiple CAR
targets

a, Schema of hinge lengths for maximally responsive CAR constructs, as determined by the location of the
target epitope. b, Schema illustrating the structural dimensions of the target proteins and CAR constructs
with representative lengths and epitope locations (red stars) shown in the left panel. The right panel depicts
the z-distance distribution of the different target epitopes from the cell surface, showcasing the variabil-
ity in epitope location. c, Density plots illustrating the distribution of synaptic clefts for different CAR
constructs across all target receptor epitopes. d, Line plots depicting the mean IL-2 secretion by CD33,
CD19, CD22, and CD20 CAR T-cells relative to the predicted length of the CD8« hinge, as determined
by the AF2 linear-regression method (n=2-4, 6-7, 2-7, and 4 donors for the different CD33, CD19, CD22,
and CD20 CAR:s, respectively). e, Correlations between ¢ values and ECsgs for IL-2 secretion by CD33,
CD22, and CD20 CAR T-cells following interaction with their respective target receptors. f, Biolumines-
cence images of NSG mice engrafted with GFPT Luciferaset NALM6 (1 x 105) clone expressing ~1 x
103 CD22 molecules/cell and adoptively transferred with CD22 CAR-transduced or untransduced (UNT)
T-cells (day +3, n=4 mice per group, representative of data from 2 individual donors). g, Line plot of the
average in vivo radiance of mice treated with the indicated UNT or CD22 CAR T-cells as a function of
time. An average threshold radiance of 10% p/sec/cm?/sr is shown as a dotted line, defined as ‘relapse
time.” h, Correlation between the EC5gs for IL-2 secretion and the time at which the average radiance
intersects with the 10% p/sec/cm?/sr threshold for each CAR construct (top); correlation between relapse
times and ¢ values (bottom).
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Chapter 9:  Applied causality to infer protein dynamics and kinetics

In this chapter, I aim to develop a method that infers timescale differences present in Al-
generated structural ensembles. As seen in Chapter 2, and to some extent in the application
chapters, such ensembles lack the causality mechanism provided by an MD integrator, meaning
there is no inherent timescale attached to the generated ensemble.

A protein’s function is not determined by sequence or a single static structure alone, but
by the conformational diversity encoded in its free-energy landscape [16, 17, 40, 42, 262, 263].
As discussed in Chapter 1, obtaining this conformational diversity and its associated timescales
remains difficult. Experiments can probe important dynamical regimes but may lack full atom-
istic detail, while molecular dynamics (MD) simulations provide mechanistic trajectories but are
limited by accessible simulation timescales [264, 265, 266, 267, 268, 269, 270, 271]. Enhanced
sampling methods can improve conformational exploration, but they are system-dependent and
require careful choices of collective variables or biasing strategies, as discussed earlier in this
thesis [65].

Recent Al-based structure and ensemble-generation methods, including AlphaFold2 (AF2),
RoseTTAFold, reduced-MSA AF2, and newer generative models, can rapidly produce struc-
turally diverse protein ensembles [1, 10, 91, 95, 98, 244, 272]. These methods are closely related

to the structural ensemble generation strategies discussed in Chapter 2. However, because these
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models do not propagate structures through a physical integrator, their outputs do not have an in-
trinsic ordering in time. Therefore, even when an Al-generated ensemble contains realistic struc-
tural diversity, it remains unclear whether the differences between conformations correspond to
fast local fluctuations, slower collective motions, or rare functional transitions.

To address this limitation, I use Al-generated conformational ensembles to parameterize
a memory-free, overdamped Langevin equation through the Langevin Equation for Protein Dy-
namics (LE4PD) framework. The central idea is to construct a harmonic potential of mean force
(PMF) matrix from the ensemble and diagonalize it to obtain uncoupled Langevin modes. Each
mode is associated with a characteristic length scale and relaxation timescale, which can then
be used to estimate residue-level autocorrelation functions (ACFs) [262, 273, 274, 275]. In this
way, a static Al-generated ensemble can be converted into an approximate dynamical model with
interpretable timescales.

This approach is inspired by the framework of Copperman et al., where a memory-free
Langevin equation was mapped to a Gaussian network model using a PMF extracted from NMR
conformations [262]. It is also conceptually related to diffusion-map and other data-driven
dimensionality-reduction approaches for biomolecular dynamics [192, 276, 277, 278, 279, 280,
281, 282, 283]. The present approach differs in two ways: first, the input ensembles are gener-
ated from Al-based structural ensemble methods; second, the method uses the residue-fluctuation
basis set from Ref. [274], which incorporates anisotropy and connects to principal component
analysis (PCA) in appropriate limits. I test this methodology using HIV-1 protease monomers
and dimers, including both wild-type (WT) and mutant (MUT) sequences.

First, I use reduced-MSA AF2 as the conformational generator to demonstrate the pipeline

and to relate MSA depth to the timescales represented by the generated ensemble. I generate one

140



1.0
N /-2 g\
PQI-1GG e LE4PD| %o /
Ensemble S 02 .
Generators B Flap Region

time (ps)

Cc
1.0 4
051 N - Terminal
Residue: 2
1.0 4 - - C - Terminal N - Terminal
_ d
505 ,
Flap Region —— MsA8
Residue: 51 —— MSA:64
104 ‘6_’ 10° MSA:512
: — MSA:8 -
2 -
0.5 —— MSA:64 & 103
| C-Terminal \ MSA:512
Residue: 98 10! T T T T
T ] T N T 3 T 3 T S 1 25 49 73 97
10 10 10 10 10 Residue ID

time, ps

Figure 9.1: Overview of our method. a) The protein sequence is input to the machine learning
architecture of choice, generating an ensemble of all-atom configurations. This ensemble is
coarse-grained at the C,, level and input to the Langevin Equation for Protein Dynamics (LE4PD), which
predicts the relaxation timescales (kinetics) of each residues’ structural fluctuations (dynamics). b) A
representative structure of the HIV-1 protease monomer is shown, with the flap (residues 49-51) and N-
and C-termini labeled. c) Residue-dependent autocorrelation functions as a function of MSA depth input
to AF2 for the three labeled structural regions in (b). d) Predicted relaxation time of each residue as a
function of residue index for one HIV-1 protease sequence, PDB ID: 1IEBW.

microsecond of atomistic MD simulation as a reference and compare the rMSA-AF2 ensembles
to MD trajectories using a defined distance metric. This allows me to approximate the dynamical
regime spanned by a given Al-generated ensemble. The main result is that AF2 structures gener-
ated with an MSA depth of 8 map to relaxation timescales between those observed in 100 ns and
1000 ns MD simulations, whereas AF2 ensembles generated using the default MSA cluster num-
ber of 512, or “full” MSA depth, are comparable to timescales observed in a 10 ns simulation. I
further test the generality of this protocol by comparing against other contemporary ML models
and by applying the workflow to both WT and MUT HIV-1 protease dimers using a cofolding

model.
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9.1 Results

9.1.1 Overview: A Map from Sequence to Kinetics

An overview of my method of mapping from sequence space to a coupled dynamics-
kinetics space provided by the solution to the ML-parameterized Langevin Equation for Pro-
tein Dynamics (LE4PD) equation is given in Figure 9.1a. Specifically, I apply this method on
a set of six unique sequences encoding the HIV-1 protease monomer (structure shown in Figure
9.1b). The solution of the LE4PD gives autocorrelation functions (kinetics) for each residue and
predicted root-mean-square fluctuations (RMSF) (dynamics). Depending on the hyperparameter-
ization of the generative ML method, e.g. MSA depth to AF2, the kinetics of each generative ML
ensemble is predicted using the LE4PD, as illustrated for three HIV-1 proteases residues (Figure
9.1c). I estimate the average decorrelation time 7,,, by integrating the predicted autocorrelation

functions (ACFs) for each residue in the protein (Figure 9.1d).

9.1.2 The Timescales of AlphaFold2-generated Ensembles are Inversely Cor-

related with MSA Depth

As the MSA depth in AF2 serves as a constraint on the predicted structures, as I decrease
the MSA depth, I expect the ensemble’s conformational variance to increase. Furthermore, since
there is a general correlation between the variance of a protein’s dynamics and the timescale of
those dynamics,[274] I expect that lifting the constraints via MSA depth reduction will increase
the predicted residue relaxation timescales.

To measure this effect, in Figure 9.2 I plot the average decorrelation time, 7,,, for each
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residue, which is defined simply as the integral of the residue’s ACF, indexed by i:

Tave(i) = /O T(ARL0) - AR (). 9.1)

InEq. 9.1, (AR;(0)- AR;(t)) is the time correlation function for the it" C,, atom. The calculation

of the time correlation function is in the Materials and Methods section.

a

MSA: 512

474X

2PCO
1EBW

1Q9pP
3TTP

103

Residue ID

Figure 9.2: Estimated timescales for the relaxation kinetics of each residue for the six indicated
sequences of HIV-1 protease at MSA depths of a) 512, b) 64, and c¢) 8. Each sequence variant label on the
right-hand side of the plot is printed with the same color as its integrated timescale curve.

Figure 9.2 plots the timescales for each sequence at three MSA depths: 512 (Figure 9.2a),

64 (Figure 9.2b), and 8 (Figure 9.2c). When the MSA depth is at 512 and 64 (Figure 9.2a and
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b), there is a clustering of either WT (1Q9P) or close-to-WT (five or fewer mutations from WT:
1EBW, 2PCO) at relaxation timescales slower than the highly mutated sequences (3TTP, 474X,
6P9A), with 64 MSA depth showing a stronger separation. I observe a timescale separation
between the near-WT cluster and the highly mutated cluster at certain stretches of the primary
sequence, e.g., near the flap region (residues 49 through 51) at this highest MSA depth.

However, at 8 MSA depth, there is a strong dependence of sequence composition on both
the average relaxation timescale and the 7,,, of each residue individually. However, there is no
correlation between a sequence’s Hamming distance from the WT and the relaxation timescales
when an MSA depth of 8 is used to parameterize the LE4PD. Furthermore, there is no clustering
seen in the equivalent relaxation timescale from 10, 100, and 1000 ns MD results, which are
shown in the SI. The SI also contains a more detailed analysis of per-residue timescales for all
six systems. From these results, the only definitive claim I can make is that, as the MSA depth
is decreased, the timescales probed by AF2 show an increase, on average, in agreement with the
equivalent MD results as the length of the MD simulation is increased. Unfortunately, due to the
monomers’ propensity to either dimerize spontaneously or form aggregates[284, 285], there is no
NMR relaxation data for comparing the mutant to wild-type relaxation timescales.

However, since I see clustering at two higher MSA values studied (64 and 512) but not the
lowest (8), I speculate this effect might be due to a tradeoff between the specific co-evolutionary
signals or mutational information present in the MSA and the weights present in the AF2 archi-

tecture that allow it to fold proteins generally across a diverse sequence range.
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9.1.3 MSA Depth is Inversely Correlated with the Span of the Slowest Collec-

tive Motions Generated by the AF2 Conformational Ensemble
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Figure 9.3: Measuring the volume of the space of the slow dynamics spanned by the AlphaFold2
conformational ensembles. a) AlphaFold2-generated ensemble projected onto the free-energy surface
spanned by the two slowest LE4PD modes parameterized by a one microsecond MD simulation of the
HIV-1 protease sequence encoded by PDB ID: 1IEBW. b) Comparing the relative variance in the space
spanned by the two slowest LE4PD modes of the AlphaFold2-generated ensembles compared to the
one-microsecond MD simulation. I also show in the bottom plot what fraction of structures generated by
AlphaFold?2 at the indicated MSA depth are outside the support of the one-microsecond dynamics.

The results discussed in the previous section show a general correlation of the relaxation
time of collective motions and their variance. So, I expect that, as the MSA depth is decreased,
and the amount of volume spanned by the AF2-generated ensemble increases, the timescales
of the dynamics generally increase (Figure 9.2) as well. To investigate this claim, Figure 9.3a
overlays the structures predicted at MSA depths of 8, 64, and 512 on the free-energy surface of
the two slowest LE4PD modes calculated from a microsecond-long MD simulation starting from
the structure encoded by PDB ID: 1IEBW (simulation details are in the Materials and Methods
section). Visually, as the MSA increases from 8 to 512, the predicted structures retreat into the
global minimum on the free-energy surface, and the overall variance of the ensemble decreases
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(Figure 9.3b). While the global minimum of both the AF2 and MD free-energy roughly coincide
for IEBW, this trend is not general (the SI shows equivalent scatter plots for the other sequences),
and will almost certainly not hold for any given protein. Discrepancies between the modes of the
ML- and MD-generated distributions are a function of the given sequence, ML architecture, and
MD setup (force field, water model, etc.).

The bottom panel of Figure 9.3b shows the fraction of out-of-set or outlying structures for
each sequence at three MSA values. I define an outlying structure relative to the projection into
the two slowest LE4PD modes calculated from the one microsecond simulation specific to each
sequence. The outlying fraction of structures is a function of both sequence and MSA depth.

Generally, as the MSA is increased, the fraction of out-of-set structures decreases, which
follows the argument that the MSA serves as a constraint keeping the predicted structures close
to the training structures. The exception is 1Q9P, where the fraction of out-of-set structures is
approximately constant as a function of MSA since, for this particular sequence, the predicted
structures do not collapse to a minimum of the free-energy but rather near the node of the slowest
LE4PD mode. This discrepancy could be due to the truncation in the C-terminus of 1Q9P. Since
the truncated sequence is dominated by full-length sequences in AF2’s training set, it might
give the wrong mode for the predicted 1Q9P ensemble compared to MD, which simulates the
truncated sequence explicitly.

Generally, the fraction of outlying structures should be a function of sequence, force field,
simulation length, and subspace projection. For example, the sequences encoded in both 3TTP
and 6P9A are more than 20 mutations from WT, but there are a far larger number of out-of-set
structures in the generated ensemble using an MSA depth of 8 for 3TTP compared to 6P9A.

In contrast, 2PCO and 1EBW are both 5 mutations from WT, and they show a similar relative
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variance profiles and fraction of out-of-set structures. There does not appear to be a correla-
tion between either the relative variance of the generated ensemble or the fraction of out-of-set
structures as a function of Hamming distance from the WT sequence, which implies AF2 is not

memorizing the dynamics of WT HIV-1 protease when inferring ensembles.

9.1.4 Quantification of the Timescales Spanned by AF2 Evaluated at Different

MSA Depths

From Figure 9.3a, it is clear that, at least for two sequences (e.g., IQ9P and 474X), the
ensembles predicted from an MSA depth of 8 in AF2 structure generation yields an ensemble
spanning the space of at least the slowest LE4PD mode, when measured using the fractional vari-
ance of that mode. However, assuming that the dynamics and kinetics of the entire protein will
match just because the variance is approximately the same between projected AF2 and MD en-
sembles is questionable. So, I quantify how closely the residue-residue ACFs match between the
AF2 and MD ensembles to determine rigorously the timescales of the ML ensembles’ dynamics.

Figure 9.4a plots the percentage of each protein’s dynamics best explained by the AF2 en-
semble generated at the indicated MSA depth. I map the ACFs using the DTW metric defined
in the Methods section. Nearly equivalent results are found using the KS instead; the KS results
are displayed in the SI. Figure 9.4a clearly shows the lowest MSA studied (8) is, on average,
the best at describing the decorrelation timescales of the observed dynamics in the 1000 ns MD
simulations. Conversely, using the full MSA depth of 512 allows for the best modeling of the
decorrelation dynamics observed in the 10-ns-long MD simulations, on average. For the inter-

mediate timescales in the 100 ns simulations, there is a broad range of well-performing MSAs
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from 16 through 128. Roughly, MSA depths between 8 and 16 model well the decorrelation
timescales observed in 1000 ns MD simulations; MSA depths between 256 and 512 model best
the decorrelation dynamics in 10 ns MD simulations. The in-between timescales in the 100-ns-

long simulations are modeled well by MSA depths between 16 and 128.
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Figure 9.4: Reporting the timescales measured by AlphaFold2 conformational ensembles generated
using different MSA depths. a) Percent of each residue’s ACF best measured by each of the reported
MSAs at three different timescales : 10, 100, and 1000 ns. Colored circles denote the average across
sequences at each MSA while grey circle denote the result for each sequence individually. b) Scatter plot
and linear fits (colored, dashed lines) of the average integrated correlation time from the reference MD
simulations (7,y MD sim.) and the LE4PD theory parameterized using the AlphaFold2 conformational
ensembles at the given MSA depth (7,y; IMSA AF2). Reported are the correlation times from MD and
AlphaFold?2 for the HIV-1 protease sequence encoded in PDB ID: 1IEBW at the 1000 ns timescale. c)
Pearson correlation coefficient between the timescales reported in b), but for all six HIV-1 protease
sequences studied here and for all three timescales (10, 100, and 1000 ns). Also reported in the second
column are the slopes of the linear regression of 7,y MD sim. onto 7,y IMSA AF?2 for all six sequences
(1Q9P, 2PCO0, 3TTP, 1IEBW, 4Z4X, 6P9A) and all three timescales (10, 100, and 1000 ns).

As a second approach to quantify the predicted relaxation timescales between the cou-
pled AF2-LE4PD approach and the benchmark MD simulations, Figure 9.4b plots the mode-
averaged residue decorrelation timescales defined in Eq. 9.1 from the MD ACFs and the AF2-

parameterized LE4PD’s theoretical ACFs for the sequence in PDB ID: 1EBW. The scatter of
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points for each MSA is fit to a linear model. Figure 9.4c reports the Pearson correlation coeffi-
cient and slopes of the linear models fit to each MSA for my six variants.

Figure 9.4c supports the results in Figure 9.4a: the Pearson correlation coefficient for an
MSA depth of 8 is closest to unity at the 1000 ns timescale, and it has the slope closest to
unity in the linear fit at 1000 ns. Analyzing the results for the 10-ns simulation timescale shows
using an MSA depth of 512 gives a linear fit with slope closest to unity. In the limit that the
Pearson correlation coefficient and slope approach unity, the predicted decay timescales (kinetics)
are identical, less an additive constant, which is why I use both measurables as goodness-of-fit

metrics.

9.1.5 Effect of Out-of-Set Sample Removal on the AF2-predicted Dynamics
and Kinetics

Generative ML models are prone to infer samples outside the support of known data distri-
butions. For networks attempting to model physics, these output samples generally deviate from
known physical reality by violating e.g. conservation of mass, energy, or both. For generative
ML models of protein structures, such out-of-set samples[286, 287] may include, but are not lim-
ited to including, structures with unphysically large bond lengths, implausible torsion angles, or
steric clashes.

Because I assign such conformations null Boltzmann weight, it should be efficacious to re-
move these generated structures from downstream analyses. In theory, excising structures having
infinite free-energy from the ensemble due to the above-mentioned modeling issues should yield

a distribution closer to the target distribution, whether it’s from simulation or experiment. So,
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pruning out-of-set structures should allow for a refined ML ensemble that aligns more closely
with a target distribution. In practice, this amounts to a sharply defined maximum entropy
approach[264].

My target is the free-energy surface spanned by the two slowest LE4PD modes parameter-
ized using the one-microsecond MD simulations (Figure 9.3). I remove the effect of the outlying
structures by projecting the AF2-generated ensemble onto this free-energy surface, then remove
from the generated ensemble any structures lying outside the space explored in the simulation.
That is, I remove structures with infinitely high free energy i.e. zero Boltzmann weight. I pa-
rameterize the LE4PD using the modified AF2 ensemble and perform the calculations as done
for the original ensemble. Finally, I examine how removing the out-of-set structures modifies the
predicted RMSF profile, decorrelation times, and behavior of the ACFs.

Figure 9.5 shows the results after removing outliers. Figures 9.5a and 9.5b focus exclu-
sively on the sequence encoded by 1EBW; equivalent plots for the other five sequences are given
in SI Figures S9, S10, and S11. In Figure 9.5a, the RMSF from the AF2-generated ensemble
with an MSA depth of 8 is compared to the reference one-microsecond MD simulation when
out-of-set structures are either retained (dashed, blue line) or removed (dashed, red line). For this
sequence, there is an almost universal decrease in the predicted RMSF across the entire primary
sequence. In particular, there is a notable decrease in the RMSF near residues centered at index
30, with the removal of out-of-set structures pulling the RMSF in that region much closer to the
microsecond MD. The same is true around the N-terminus.

Figure 9.5b shows the correlation between the integrated timescales with out-of-set samples
included (ordinate) or excluded (abscissa) for my six HIV-1 protease sequences, each demarcated

by color. The sequences 2PC0O and 1EBW experience a significant decrease in timescale when
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Figure 9.5: Effect of out-of-set structure removal on the predicted dynamics. All comparisons to MD are
performed at the 1000 ns timescale. a) Root-mean-square fluctuations along the alpha-carbons predicted
from the one microsecond MD simulation of HIV-1 protease with the sequence encoded by PDB ID:
1EBW (black) compared to the AlphaFold2 ensemble generated using an MSA depth of 8 and starting
from the same sequence with (red, solid) and without (red, dashed) out-of-set structures in the ensemble
input to the LE4PD theory. b) Correlation between the integrated correlation timescale predicted with the
entire AlphaFold2 ensemble (7y1.) and the ensemble with out-of-set structures removed (7,y; ML
(filtered) for all six sequences. The points are colored by the sequence given in the subplot’s legend. c)
Integrated timescales for IEBW 7,y from the LE4PD theory parameterized using the AF2 ensemble
generated using an MSA depth of 8 with (blue) and without (red) out-of-set structures included in the
ensemble. Including the data points from all six sequences, the Pearson correlation coefficient between
the timescales calculated from the ensembles with and without out-of-set structures is 0.912.

out-of-set structures are removed while 474X and 6P9A show little change in timescales; 3TTP
and 1Q9P give, on average, slower timescales. Figure 9.5¢ shows the integrated timescale as a
function of primary sequence for IEBW, which shows clearly how its timescales decrease nearly
uniformly as the outlying structures are removed.

Peering at Figures S9, S10, and S11 in the SI explains these disparate trends. Removing of
out-of-set structures has a strong sequence dependence on the dynamics, i.e. RMSF, and kinetics

in the form of 7,,,. The six sequences can be divided into three classes: the first consists of IEBW
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and 2PC0, where removal of outliers depresses the RMSF and timescales. The second is 474X
and 6P9A, where removal of outliers has a nearly negligible effect on the dynamics and kinetics.
Finally, in the third is 1Q9P and 3TTP, where removing outliers actually increases the timescales
nearly uniformly while the RMSF is not significantly altered.

For this last class, the mean of the AF2-learned ensembles lies outside a mode of the
simulation-parameterized LE4PD surface. Removing outliers eliminates structures near this
mean, increasing the overall variance of the now-outlier-free distribution. Thus, where the pre-
dicted mean of the ML-learned ensemble does not overlap with an MD-predicted mode, there is a
possibility that removing the outliers in the projected space will increase the variance, as well as,
potentially, the RMSF and integrated timescales. When the ML-generated ensemble collapses to
a mode of the projected MD-generated distribution, there will be both a reduction in RMSF and
timescales because removing the outlying structures reduces the variance and hence the projected
volume spanned by the ML-generated ensemble. When the distributions overlap, there will be
few outliers, and their removal will have little effect on the results, as seen in the sequences en-
coded by 4Z4X and 6P9A. The specific sequence effects of outlier removal will depend on the

reference free-energy surface.

9.1.6 Comparison of AF2 Results to Other Generative Machine-learned Mod-
els

Due to the plethora of methods currently available to generate conformational ensembles

of proteins using ML techniques, I compare the AF2 results to three other contemporary state-

of-the-art methods: the distributional graphformer (DiG),[272] AF-Cluster (AFc),[95] and the
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Figure 9.6: Measuring the volume of the space of the slow dynamics spanned by the AF2 conformational
ensembles and other competing generative ML methods. a) Free-energy surface spanned by the two
slowest LE4PD modes calculated from a one microsecond MD simulation of HIV-1 protease encoded by
the sequence PDB ID: 1EBW. Projected onto the surface are the samples from AFc, BioEmu, and AF2 at
different MSA depth. b) The relative variance of the two slowest LE4PD modes spanned by ensembles
calculated using the same set of methods as in (a) for the six HIV-1 protease sequences. Also plotted in
the bottom row is the fraction of out-of-set structures generated using each method. DiG results are
omitted because they span a nearly negligible volume in this space, so the relative variance is not visible
on the scale provided and none of the structures are outside the support of the one microsecond
simulation.

“biomolecular emulator” (BioEmu).[244]

I choose the hyperparameters of the generative models to output 320 structures, the same
size as the ensemble generated from AF2, although the exact size of the output ensemble depends
on the ML architecture in use. For example, BioEmu automatically removes from the generated
ensemble structures possessing steric clashes or bond length violations. For AFc, more than 320
structures may be output due to its clustering protocol. I solve the LE4PD equation separately for
each sequence, using the ensemble generated by each method to predict dynamics and kinetics.

I can benchmark the predicted ML ensembles against the reference MD simulations. Figure
9.6a is analogous to Figure 9.3a except the conformational ensembles from the ML methods in

addition to AF2 are projected onto the free-energy surface spanned by the two slowest LE4PD
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Figure 9.7: Reporting the timescales measured by alternative generative ML methods compared to
AlphaFold2. a) Percent of residue ACFs best explained by generative ML methods for the HIV-1 protease
sequence encoded by PDB ID: 1Q9P at the 10, 100, and 1000 ns timescales. Colored circles denote the
average across sequences at each MSA while grey circle denote the result for each sequence individually.
b) Correlation between the timescales(Tayg) calculated from the ACFs from the one microsecond MD
simulation and those calculated using the indicated ML ensembles input to the LE4PD theory. Dashed
lines shown the best fit linear model to the data. c¢) Pearson correlation coefficients between the MD and
ML integrated timescales for the three methods presented in (b) at the 10, 100, and 1000 ns timescales for
the six HIV-1 protease sequences investigated here. Shown in the second column is the fit to the linear
regression shown of 7,y MD sim. onto T,y ML. The units for both 7,y; MD sim. and 7,y¢ ML are ps.

modes. The span of each method is quantified, as before, by comparing the relative variance
along the LE4PD modes individually in Figure 9.6b. I also display the fraction of structures that
are located outside the span of the one microsecond MD ensemble in the bottom row of Figure
9.6b.

Figure 9.6a shows that the competing ML methods BioEmu and AFc span much larger
volumes of the slow dynamical subspace compared to AF2. This result is quantified in Figure
9.6b. However, as the last row of Figure 9.6b indicates, this large conformational volume can
come at the cost of generating a large number of out-of-set structures. Strikingly, as shown in the

SI, even though BioEmu can generate a relatively large number of structures that I quantify as
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out-of-set, removing these outlying structures has relatively little effect on either the dynamics or
the 7,,, values. This result implies that BioEmu learns well the relevant structures in the folded
ensemble of HIV-1 protease.

On the other hand, removing out-of-set structures from the AFc ensemble has a more no-
ticeable effect on the predicted dynamics and kinetics. For all sequences, the predicted RMSF
values remain greatly elevated nearly universally across the entire primary sequence for each
variant even when outlying structures are removed. I conclude AFc is doing a poorer job com-
pared to AF2 (at low MSA depths) and BioEmu at learning the folded free-energy landscape of
the HIV-1 protease variants. The results for DiG are not shown because I find that the DiG struc-
tures span a negligible space around the crystal structure for all sequences, encoding essentially
no functional dynamics.

Figure 9.7 quantitatively evaluates the ML methods’ performance. BioEmu and AFc de-
scribe the relaxation behavior of the protein’s residues at the 1000 ns simulation timescale at a
level that is similarly efficacious to AF2 with an MSA depth of 8 (Figure 9.7a). For modeling the
dynamics in the 100 ns MD simulation, BioEmu is the most efficacious. At the 10 ns simulation
timescale, using AF2 with an MSA depth of 512 is still the best model.

Figure 9.7b shows the correlation between the values of 7,,, of each residue in 1Q9P cal-
culated from either the MD simulation or predicted from one of indicated ML methods. Again, I
quantify the degree of correlation between the two sets of timescales using the Pearson correla-
tion coefficient and the slope of the linear fit to the points in Figure 9.7c. The results quantify the
statements made regarding the modeling efficacy of AFc and BioEmu: the Pearson correlation
coefficient is near unity for all sequences at all MD simulation lengths for both methods. Fur-

thermore, for the 1000 ns simulation, the linear fit to the AFc points has a slope near unity, again
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Figure 9.8: Applying my protocol for wildtype (1IHHP) and a mutant (3UF3) HIV-1 protease dimer using
AFmultimer. a) Projection of AFmultimer structures onto the free-energy surfaces spanned by the two
slowest LE4PD modes predicted from a microsecond simulation started after equilibration of the
structure deposited under PDB ID: 1HHP (left) or PDB ID: 3UF3 (right). b) Time correlation functions
either calculated from MD (black curves) for the ‘ear’ and flap residues in 1IHHP (top panels) or 3UF3
(bottom panels). ¢) The same time correlation as in b), but with the predictions from the AFmultimer
ensembles calculated using the reduced ensemble remaining after removing out-of-set structures. d)

Comparison between ACFs from MD and my protocol for both pre- and post- removal of out-of-set
structures from AFmultimer.
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showing AFc integrated timescales are well-matched to the MD integrated timescales at this sim-
ulation length. While the BioEmu slopes differ from unity at the 1000 ns simulation length, they
are much improved at modeling the dynamics in the 100 ns long simulations. For the 10 ns long
simulations, the slopes for both AFc and BioEmu are significantly greater than unity, indicating
an overprediction of the timescales.

I note the negative results when DiG models the dynamics from MD simulation. In Figure
9.7b, the DiG timescales are significant underestimates of the timescales seen in the 1000 ns
MD simulation. This effect is quantified in Figure 9.7c, where the slope of the linear fits to the
DiG integrated timescales is essentially invisible for all sequences and simulation lengths. These
results indicate DiG is learning little to no protein dynamics and is instead returning “ensembles”

very tightly clustered around a single structure.

9.1.7 Dynamics of HIV-1 dimer from AlphaFold-Multimer

HIV-1 protease functions only as a dimer, and the vast majority of the experimentally re-
solved structures are of the dimer. Due to spontaneous aggregation in solution, the only NMR
ensemble of the monomer available in the PDB is for the 1Q9P sequence.[284, 285] Further-
more, computational studies have shown clear differences in the dynamics between the WT and
MUT proteases, especially in the flap region, which are strong evidence for the differences in
pharmaceutical efficacy between wildtype and mutant proteases.[288, 289] As such, there have
been many experimental[290, 291, 292, 293, 294, 295] and computational[296, 297, 298] studies
performed to study the function and dynamics of the dimerized HIV-1 protease.

Thus, analysis of the dimeric HIV protease is important for predicting biologically relevant
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dynamics. In contrast to protein monomer ensemble prediction, ML modeling of multimer en-
sembles remains challenging.[299] The nature of co-folding models can introduce artifacts and
may result in spurious outputs. To avoid such complications, I avoid analyzing the dimeric HIV-1
protease using my proposed protocol as the core of this study. However, to provide a more com-
plete picture of the predictions made by ML ensembles, I conclude this work by applying my
workflow to wildtype (PDB ID: 1HHP[300]) and a mutant (PDB ID: 3UF3[301]) HIV-1 protease
dimer.

I use the same MSA approach as for the monomers but use AlphaFold-Multimer (AFmul-
timer) [184] instead of AF2 to generate an ensemble of 320 structures at each MSA depth. Since
the reduced MSA approach reduces the number of sequence-based constraints, the co-folding
models suffer more at lower MSA depths.[152] At lower MSA depths, the fold of the individual
chains seems to be preserved; however, the binding orientation and the contact can be altered
significantly. As these models are not causal and do not account for environmental conditions,
the complex’s structure prediction seems to be driven solely to place the two chains in close
proximity. Overall, this reality suggests a better MSA depth to account for biologically relevant
dynamics is higher than the monomeric case.

To benchmark my results, I perform one-microsecond MD simulations starting from the
corresponding crystal structures. A detailed analysis of my simulation is presented in the SI
using a set of well-known collective variables[296] specific to this HIV-1 protease system. I also
show that the slowest LE4PD modes capture the flap opening relevant to HIV-1 protease function.
In Figure 9.8, I demonstrate the results of my protocol applied to my selected dimers. Figure 9.8a
shows the overlap between the ensemble predicted by AFmultimer at an MSA depth of 64 and

the MD distribution via projection onto the two slowest LE4PD modes from each simulation.

158



Analysis using other MSA depths is shown in the SI. Even at higher MSA depths, AFmultimer
appears to generate a significant proportion of structures that lie outside the MD-sampled region.

Further structural analysis of ML ensembles revealed that AFmultimer prediction contained
the dimer with Cy, symmetry rather than the well-known experimentally resolved C, symmetry.
The physical relevance of dimers with Co, symmetry is highly questionable, as it depends on
the binding affinity and kinetics of that bound pose; however, C, symmetry corresponds to the
protease’s functional assembly. Due to the presence of such structures in the ensemble, the ACF
predictions are well exaggerated when compared to MD in Figure 9.8b. For representative pur-
poses, I chose flap tip residue 50 and ‘ear’[296] residue 40. A detailed analysis of other such
residues is presented in SI.

Following the reweighting method that penalizes out-of-set samples, I recalculated the
ACFs for the reweighted ensemble. Figure 9.8c clearly shows how the relaxation timescales
move in line with those calculated from MD. I calculated the DTW metric defined in the Meth-
ods section between the predicted ACFs from my protocol, both the raw and reweighted (filtered)
ensembles, and the ACF directly calculated from the MD simulation. Figure 9.8d indicates that
AFmultimer with an MSA length of 128-64 produces an ensemble that is closer to a 1 us of MD
simulation. Overall, these results: 1) support my initial hypothesis regarding the limitations of
co-folding ML, like prediction of Cq, symmetry dimers with high confidence; 2) highlight the
requirement of a reduced MSA-type treatment to encourage the model to generate more possibly
biologically relevant structures; and 3) demonstrate a requirement of a reweighting procedure.
These results further show the differences in the MSA depth - timescales relation for monomer

and multimer ML methods.
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9.2 Discussion and Conclusions

I provide a method qualitatively and quantitatively measuring the timescale of conforma-
tional ensembles output from a selection of deep, generative machine learning (ML) models for
six sequence variants of human HIV-1 protease. I compute the timescales for the residue dis-
placement autocorrelation correlation function (ACF) by assuming the backbone dynamics of the
protein are governed by a coarse-grained, overdamped, and memory-free Langevin equation[274]
with a potential of mean force that is acceptably parameterized by the covariance matrix calcu-
lated from the generated ensemble. Diagonalizing the Langevin equation produces modes that
form a basis set for the calculation of ACFs. This interface between generative ML techniques
and the LE4PD methods allows for one-shot generation of dynamics and kinetics from sequence.

The residue-dependent timescales of the variants are benchmarked against each other to
compare qualitatively the timescales of the ACFs as a function of sequence. This comparison can
help determine the effect of mutations on the relaxation kinetics while the root-mean-square fluc-
tuations calculated from the theory allow for the sequence-dependence of the dynamics. Quanti-
tative benchmarking is performed by brute-force calculation of the analogous ACFs using molec-
ular dynamics (MD) simulation trajectories of a given length. This second step of benchmarking
against a known ensemble constructed from a simulation or experiment is not required for the
predictive aspect of my method.

I show a correlation between reducing the MSA depth in AF2 for structure prediction and
an increase in the timescales of the predicted ensemble due, at least in part, to an increase in the
predicted variance of the ensemble along the slow dynamical modes. Reductions in timescale

correspond to a reduction in the slow conformational dynamics as the depth of the MSA is in-
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creased (Figure 9.3). Decreasing the MSA depth can increase the number of out-of-set structures
in the projected LE4PD space (Figure 9.3b). Removing outlying structures affects both the static
properties (Figure 9.5a) and decorrelation timescales (Figure 9.5b). I show these results hold for
the biologically functioning dimer (Figure 9.8) as well.

Finally, I move beyond AF2 and analyze the conformational ensembles of three more re-
cently developed architectures: AF-Cluster,[95] the distributional graphformer (DiG),[272] and
the biomolecular emulator (BioEmu).[244] I find AF-Cluster predicts the slowest dynamics; this
prediction is due to a large number of outlying structures. BioEmu produces a much lower num-
ber of out-of-set structures, which makes its predicted decorrelation timescales more trustworthy
compared to AF-Cluster, and the predicted backbone dynamics, as measured using the alpha-
carbon root-mean-square fluctuation, are in excellent qualitative agreement with the 1 ps MD
trajectories (Figure S13). Finally, I find that DiG samples only structures tightly clustered around
an observed crystal structure, predicting virtually instantaneous and nearly frozen conformational
dynamics.

I anticipate the combined use of MD, the structural ensembles generated from ML, and
the LE4PD to refine the weights of each ML structure in the ensemble in a manner more pre-
cise than that proposed here, e.g. a maximum entropy approach.[264] A re-weighting approach
moves the sampled structures closer to a causal Hamiltonian or Langevin model at a given dy-
namical timescale and lengthscale with sequence specificity. Furthermore, the LE4PD outputs
can be interfaced with the ML architecture’s loss function to tune predicted ensembles in a sub-
sequent round of training so that the model infers an ensemble with the desired dynamics. I hope
this type of approach helps move toward a causal generator of protein ensembles avoiding the

computationally expensive querying of an integrator.
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9.3 Methods

9.3.1 Using Conformational Ensembles to Parameterize a Langevin Equation
to Approximate Conformational Dynamics

The fundamental assumption in this paper is the residue-level fluctuation dynamics of
folded, solvated proteins at the microsecond scale and faster obey a memory-free, overdamped

Langevin equation[274]:

dAR;(t 3kpT = >
.k

dt 5

where RB;(t) = (x:(t) — (x:), yi(t) — (i), z:(t) — (z:))7 is a vector measuring the fluctuations
of the Cartesian coordinates of residue i from its equilibrium position ((z;), (y;), ()", kg is
the Boltzmann constant, 7" is the temperature in Kelvin, ¥ = 1/N ). ~; is the average fric-
tion coefficient, and é(t) is a white noise term modeling solvent collisions that obeys the fol-
lowing fluctuation-dissipation theorem: (Q_“;(t) . @(t’ )) = 6kpTd; j0,,. Finally, H;; is the 4, j™
element of the hydrodynamic interaction matrix giving long-ranged hydrodynamic interactions
between residues i and j while A;; is the i, j™ element of the potential of mean force matrix
giving the pairwise interactions between residues ¢ and j, which are, in general, long-ranged.
This potential of mean force matrix is defined as the pseudo-inverse of the covariance matrix,
C:= ((R—(R))" (R — (R))) in the space spanned by the residue trajectories[274]: A := C.
For more detailed explanations of the H and A matrices, the reader is invited to read Ref. [274]

and its associated supplementary material.
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The coupled dynamics at the residue level is separated by applying a similarity transforma-

tion to Eq. 9.2, giving the following equation of motion[274]:

deult) _ 2o
dt - _O-afa(t) + Ca(t>7 (93)

with §,(t) = 3, Qi ARi(t), Aa = (QT'HAQ),,, 0a = 221N, and G, (t) = 3, Q' G(t)
is the white noise term in the space of Langevin modes. The friction coefficients ~y; for each

residue are calculated using the solvent accessible surface area and assuming it decomposes into

solvent-dependent and a solvent-independent terms.[274]

9.3.2 Calculating Time Correlation Functions from Structural Ensembles

The mode solutions to the Langevin equation given in Eq. 9.3 decay exponentially with a
_1
characteristic timescale given by 7, = o, ' and lengthscale [, = 1, 2, and the ACFs in the space

of residue fluctuations is given as a linear combination of the ACFs for the Langevin modes:
(ARi() - ARi(r+1)) = e (9.4)

In Eq. 9.4, the summation skips the first six modes as they correspond to the three translational
and three rotational modes of motion, which are irrelevant for modeling the internal conforma-

tional dynamics of interest here. Furthermore, 1, := (Q 'AQ),,. The integral of eq. 9.4, which
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is eq. 9.1, can be written in the mode coordinates as follows:

Tavg(i> = \/Ooo Z QiaQ,ua exp [_t/Ta] dt/ Z Qiaz,ua

= ZszﬂaTa/ ZQiaQMa = (Ta)i- 9.5)

Defining the weight of mode a’s contribution to Tavg(i) as w, = sz 4o 18 used in transitioning
from the left to the right side of the second equality in Eq. 9.5. As such, 7,,() is the average
mode decorrelation time for residue 4, as predicted using the LE4PD.

Finally, since the Langevin equation is coarse-grained, it displays accelerated dynamics
on the correspondingly smoothed free-energy surface. [302] To account for this speed-up, I
approximate the missing barriers a posteriori[303] using an approximate scaling law for proteins
derived in Ref. [304]: 7, — 7, exp[e\/)\_a /kgT], where € := 6.5 kcal / (mol nm) is an energy per
unit length. I use this approximation since it is found, in Ref. [304], to accurately describe the
timescales of protein dynamics between the sub-Angstrom to the nanometer lengthscales, which

are the same as those examined here.

9.3.3 Measuring the Distance between Time Correlation Functions

To quantify the distance between the MD- and AF2-generated ACFs, I use two distinct
methods: the Kolmogorov-Smirnov (KS) test[305] and dynamical time warping (DTW).[306,
307] The details on how these methods are used are given below.

To perform distance calculations between ACFs using the KS test, each ACF is converted

into its corresponding survival function, S(t). Defining the ACF C(t) := (AR;(7) - AR;(1 +1)),
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I have S(t) := 1 — C(t). This survival function is equivalent to the cumulative distribution
functions normally input to a two-tail KS test, and it is used to calculate the usual KS distance
between the two survival functions: dgxs = sup, |Sup(t) — Sar2(t)]-

Similarly, I use DTW in the usual manner: I calculate a mapping between the MD- and
AF2-generated ACFs such that the path-warping distance is minimized: dprw(C1, C2) = min,(c,(C1, Cs)),
given that p is a suitably defined warping path between ACFs (' and C; while the cost of an
suitable warping path between C and C5 is given by ¢,(C,Cy) = ZIL:(I{) c(Cy(1),Cq(1)). In
calculating the cost for taking an individual step along the warping path ¢(Ci (), Cy(1)), I use
only a single time series index [ since the compared ACFs from simulation and theory are of the
same length and with the same lag between each sequential value.

The percentage of each protein’s dynamics best explained by the AF2 ensemble at the
indicated MSA depth is calculated using the DTW distance matrix D, where D,,, ,, represents the
DTW distance between the ACF calculated by brute-force from the MD and from the LE4PD
theory parameterized using the AF2-generated ensemble at MSA depth m for residue n (these
matrices are shown in SI). This matrix is calculated at the indicated timescale. The percent

explained is calculated as:

k = argmin D,,, ,,,
m

where k is a vector of length /V that contains the values of MSA depth at which the ACF from the

LE4PD is closest to the MD, N is the number of residues, and m € {8, 16, 32, 64, 128, 256, 512}.
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Then
N
1
% explained at m = % ; d(k, —m),

which counts the percentage of residues’ ACF best matched by LE4PD parameterized from AF2
ensemble at MSA depth m. This calculation was performed for all three MD timescales (10, 100,

and 1000 ns).
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Chapter 10: Conclusion and Future Works

10.1 Summary

In this thesis, I have developed and demonstrated methods that work under the “sequence—
ensemble—function” paradigm. I used the conformational selection hypothesis to combine Al-
based and physics-based methods into a computationally efficient drug discovery protocol from a
target assessment perspective. Further, I have demonstrated how such methods can be leveraged
to enhance immunotherapies such as CAR T-cell therapy. Overall, this thesis has led to the de-
velopment of the protocol called AlphaFold2-RAVE (AF2-RAVE). Applying AF2-RAVE to dif-
ferent problems led to the development of hierarchical AF2-RAVE and CAR-BOOST (Chimeric
antigen receptor biophysically oriented optimization of synaptic topology). Further investiga-
tion of AF2 and other generative Al methods for biomolecular structural ensemble prediction
led to the development of the Langevin equation approach for protein dynamics from generative
Al methods. A summary of all these developments is shown in Fig. 10.1. From these model

developments, the following conclusions were made:

* A post hoc integration of physics-based sampling methods is still necessary when using a data-

based model like AlphaFold2.

* The multiple sequence alignment (MSA) dictates AF2’s structure prediction to some extent.
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Figure 10.1: A summary picture of this thesis

The reduced-MSA approach for AF2 remains a reliable method for generating multiple non-
Boltzmann-weighted conformations. The gap profile (*-’) or variance in the sequence profile

can make rMSA-AF2 produce a structurally diverse ensemble.

* By fitting the AF2-generated ensemble to a Langevin equation, I have demonstrated that reduc-
ing the MSA creates an ensemble with large-timescale changes. The lowest rMSA parameters
yield an ensemble closer to the microsecond timescale, whereas mid-range rTMSA parameters
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produce a 100-nanosecond timescale. Further, I have demonstrated that recent methods, such
as BioEmu, also produce an ensemble closer to the microsecond timescale. However, these

BioEmu models suffer from the bias present in AF2’s Evoformer blocks.

Along with the state predictive information bottleneck (SPIB), AlphaFold2-RAVE can capture
slow-timescale changes in biological systems. By cleverly selecting input features for SPIB,
I have shown that a low-dimensional representation can be transferred to structurally similar

proteins.

AF2 provides docking-friendly structures; thus, a templated AF2 approach is required for the

final docking studies.

To capture changes across different timescales, I have shown a hierarchical approach for AF2-
RAVE. One key point here is that a different set of input features is necessary for training SPIBs

corresponding to different timescales.

I have also shown that AF2-RAVE can be used to assess protein multimers predicted from a

co-folding model.

Inferring from the canonical T-cell synapse, I have demonstrated that CAR engineering can be

enhanced by picking a linker based on geometrical constraints for an optimal synapse.

By reusing the AF2-RAVE-generated data for CAR hinges, I have shown that the CAR-BOOST

approach can be transferable to any target receptor in a computationally efficient manner.
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10.2 Future directions

Figure 10.1 represents all the elements of this thesis. In addition to describing the methods,

Fig. 10.1 also shows places where this framework can be improved.

10.2.1 Interpretation of AF2 for a given MSA

The coevolution signal attribution for AF2 remains a challenging question. The big-picture
questions here are how much coevolutionary signal is required, for which specific region it is
required, whether there is a sequence-pattern-to-fold memorization learned by AF2 without an
MSA due to the masked language model loss in the Evoformer, and how to know when it has
memorized the training set. Since AF2 is decomposed into initialization, Evoformer, and struc-
ture module components, another important question here concerns information flow. Perhaps
understanding this can answer the three questions raised. Currently, the MSA block perturba-
tion trick seems promising; however, an extended analysis with more proteins is required. In
addition to this, interpretation of model embeddings would also be useful. For example, Si-
mon et al. showed that a sparse autoencoder could be used to interpret protein language model
(PLM) weights [308]. Their work showed that certain neurons can be associated with disul-
fide bonds, structurally proximal regions, binding domains, etc. Additionally, Zhang et al. used
an embedding-analysis approach called “categorical Jacobian” to analyze a PLM [309]. They
showed that the PLM indeed captures coevolutionary signals and relies on motif pairings. In a
similar spirit, I have also contributed to interpreting RNA language models through embedding
perturbation, specifically through layer-wise interpretation of the models[310]. Including the

conclusion of Chapter 2, it can be said that such sparse autoencoders can be useful for AF2 or
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AF3 model interpretation and additionally for separating the coevolutionary signals coming from
the MSA and the signals that the model has learned.

In addition to that, there is a very general question I am interested in. Given that there
1s no inclusion of environmental conditions and that a static structure alone has been used for
AF2, the question of the most probable or most stable structure based on free energy is out of the
picture. However, based on all motif pairings, does this model understand basic questions like
whether positive and negative charges attract each other, whether cysteines can form disulfide
bonds (assuming oxidizing environment), and so on? Perhaps building a simple language model
induced with structure[311] or residue-interaction bias can lead to a model that understands these
chemical principles. The reason why this question is useful is that this analysis can perhaps lead

to better models to address systems without any coevolutionary signals.

10.2.2 Better initial guesses with experimental hints

While these Al models produce conformationally distinct structures, the representative-
picking step drops a lot of information. This bias can lead to errors in downstream prediction.
To avoid this, clever representative picking is required. A better solution for this is the inclusion
of experimental observables. Thus, moving forward, picking the best set of structures from the
complete generated structure set that describes the experimental observable can lead to better
results in the AF2-RAVE pipeline.

While this approach can help, if the generated structure set does not contain the states of
interest, then this approach would also fail. Thus, guided generation would be the next step

in this direction. There have been many methods that suggest guided generation of structures
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[312, 313, 314]. The conclusion from all these papers is that perturbing the representation is by far
the best solution for guiding this AF2 model. In light of these observations, perhaps an ensemble-
based constraint can be used for guiding AF2. In the case of time-dependent experimental data,

the Langevin equation fitting can be utilized as well[315, 316, 317].

10.2.3  Path-representing information bottleneck for non-overlapping initial tra-
jectories

In the AF2-RAVE protocol, the hierarchical approach does not require overlaps between
metastable states at large timescales. The reweighting or ranking approach using umbrella sam-
pling requires overlap, but the relative rank can sometimes be calculated even with inexact um-
brella sampling. However, for metadynamics (MetaD), since the simulation explores the infor-
mation bottleneck space, the arrangement of the metastable states is quite critical. Generally, this
would not be an issue if the simulations contained some overlaps. Practically, this requires a huge
number of simulations from a large number of initial points. Perhaps a better stitching procedure
could be used in such cases. The path-variable approach of defining a progress coordinate and a
restriction coordinate can be highly useful because it guides the MetaD on where to go and where
not to go[318]. Thus, incorporating these ideas to learn a path-variable space[319] based on the
state predictive information bottleneck principles can lead to better reaction coordinate design
if the initial trajectories do not have much overlap or if the initial trajectories are from biased

simulations.
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10.2.4 SPIB for protein subsystems

Analysis of large protein complexes is generally complicated due to the system size and
the large number of metastable states. Hempel et al.[320, 321, 322] have shown that decom-
posing protein complexes into subsystems can be used to describe the dynamics of a complex
system in an efficient manner. The same approach of iVAMPnets[321] can be used for SPIB,
wherein the complex is divided into subsystems and features from each subsystem are passed
through a weighting/attention matrix that contains the coupling information between the subsys-
tems. Further, the unified SPIB will have different decoders for each subsystem. In this way,
multiple-timescale changes in different subsystems can perhaps be modeled such that each 1B
space can encode information about a different subsystem at a different timescale. For example,
in a protein kinase, the DFG side-chain flip and the activation loop can be separated into two
subsystems to obtain a SPIB space where one or a set of coordinates encodes information about

the activation loop and the other coordinates encode information about the DFG flip.

10.2.5 Context-dependent AF2-RAVE

Currently, the last part of the AF2-RAVE protocol contains ranking from US, exploration
using MetaD, and structure picking using hierarchical AF2-RAVE for structure-based drug dis-
covery. However, changes in environment are not directly learned in one run. That is, for dif-
ferent environmental conditions, the pipeline, mostly MetaD, has to be rerun. This requires a
well-defined force field at intermediate temperatures and pressures. Methods like Boltzmann
generators, Thermodynamic Maps, and Latent ThermoFlow have shown that perhaps training

a generative model at two different temperatures can be used to extrapolate for any tempera-
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ture [323, 324, 325, 326]. This approach can potentially avoid the overlapping issues mentioned

above and provide a model that can reweight the distribution across experimental conditions.

10.2.6  Application perspective: Family-specific AF2-RAVE

One key question from my thesis is transferability. In the case of globular proteins, one
possible way to approach a transferable model is to have a model that can work on a particular
family of proteins. In my thesis, I have shown this for protein kinases, where I studied one kinase
in detail and used the learned reaction coordinate for other kinases like Abll kinase and Src
kinase. From this, one can obtain type-II-inhibitor-associated, classical DFG-out structures for
any kinase given a sequence. Thus, for each protein family, a specific system that is as “flexible”
as DDRI can be found and studied in detail. Then, the learned knowledge can be used for other
protein systems from its family. This provides computationally efficient transferability while not

removing the human interpretation.

10.2.7 Application perspective: Acceleration-based designing of peptides and
quantifying antigenicity

In Chapter 7, I showed how to assess TCR-pMHC complexes from co-folding models.
The existence of multiple metastable states itself brings up an interesting perspective on these
complexes. Perhaps for certain peptide mutants, such metastable states vanish, or they form
newer or more stable metastable states to induce activation. Additionally, an infrequent MetaD-
type approach can be used to calculate kg values for the complex [327]. A comparative study

on the sequence dependence of the antigen peptide for a longer residence time can perhaps be
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related to the activation of T cells.
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Appendix A: Supporting Information for Chapter 2

A.l
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Figure A.1: Evoformer layer-wise analysis was performed for three distinct protein systems: BPTI, a
protein containing multiple cysteine residues; RfaH, a fold-switching protein; and the Abl1 protein kinase
domain, a large multidomain protein. The Frobenius norm was calculated between the pair representation
at each Evoformer layer and the final pair representation. Each curve corresponds to the representation
before or after the triangle attention/update operation. For all three proteins, the profiles show a two-step
transition, with one transition near layer ~8 and another near layer ~46. This suggests that the final few
Evoformer layers undergo a sharp transition toward the final prediction. However, a larger-scale study is
required to make a more general statement. Such information may eventually help guide improved
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Appendix B:  Supporting Information for Chapter 3

B.1 Methods

B.1.1 AlphaFold2

To generate a diverse structural ensemble, we made a key change to the publicly available
Colabfold notebook[11]. The input featurization for the AlphaFold2 algorithm is in the form
of two MSA clusters. The first is used as the input to the main AlphaFold2 network, and the
second is used to initialize a pair representation matrix, which is the input for a second channel
in the AlphaFold2 network. We decrease the size of both MSA clusters to (16, 32) and (8, 16), to
obtain local conformational changes in CSP and SSTR?2. For UBAZ2, to get more global changes,
we further decrease MSA length to (4, 8) and (2, 4). As also reported in Ref. 91, we find that
restricting the information in this featurization leads to revealing structures that are significantly
different from the crystal structure, while providing hints to metastability. The choice of this
MSA length is problem specific. In the case of CSP, we find that to obtain rotameric diversity ,
an MSA length of (16, 32) and (8, 16) is sufficient, while lower MSA lengths resulted in globular
changes, as seed through RMSD. Since we were looking for unfolding, we used MSA lengths
of (4, 8) and (2, 4) for UBA2. We find that lowering MSA lengths does give rize to unphysical
structures that we have to remove, as well as structures that have no obvious unphysicality on
inspection (e.g. broken bonds), but are thermodynamically unstable. The other computational
choices and parameters are as follows. We use the model dropout feature, set number of recycles
to 1, and use 128 random seeds— since AlphaFold2 generates 5 structures per random seed, we
obtain 640 structures for each set of MSA hyperparameters. We then remove structures that are
obviously unphysical (for instance, broken bonds).

The pLDDT score is sometimes suggested as heuristic for thermodynamic stability, how-
ever, this is not what it was trained for, and is not an ideal indicator of stability. Considering
the IDDT[170] (Local Distance Difference Test) or, in the case of the AF2 output, its learned
estimate, the pLDDT score is a distance metric from the crystal structure, it is not surprising that
some of the structures that we need to sample to see conformational diversity are low in pLDDT
scores. We analyzed the metric for GPCRs by running the reduce-MSA AF2 protocol by itself 7
times and computed average pLDDT scores. The scores ranged from 85.3 to 47.65, with a mean
and standard deviation of 76.22 and 6.74. We then filtered those structures that do not overlap
with our sampled structures, as shown in Fig.B.1, to find that they have a much lower pLDDT
mean of 69.84. However, we note that the structures that we use to initialize our protocol have
pLDDTs in the range of 68.42 to 85.3, we cannot use this has a metric to remove structures,
either from training, or as thermodynamically irrelevant. Moreover we have found that the range
for “unphysicality” is different across both proteins and problem sets, for instance for UBA2, we
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needed extremely low pLDDT scored structures to learn a reasonable CV.

B.1.2 Metadynamics

Algorithms developed to enhance sampling can be characterized in two ways: driving sam-
pling by adding “biases” in the form of energetic potentials, or by splitting and stratification
methods that focus on simulating multiple trajectory fragments and resampling them with bi-
ased probabilities[328]. In practice, the former is found to be preferable for enthalpic barriers,
while the latter is more effective for entropic barriers. Our scheme is in theory agnostic to the
sampling method used, as long as it is possible to recover unbiased statistics to obtain potentials
of mean forces using the method. Here, we choose to use an easily implementable and rela-
tively fast method, metadynamics[64]. Metadynamics functions by depositing Gaussian biases
intermittently along the simulation so that regions of the collective variable space that have been
traversed become less probable the more they are sampled, and the system is forced to sample
rarer regions. This results in a time dependant bias that is recorded and can be used to generate a
PMF along the collective variables used for bias. Additionally, it has been shown that an on-the-
fly bias can be computed independently[6] to calculate a weighted histogram along any arbitrary
collective variable. However, while essential, in practice the choice of collective variable is dif-
ficult. Biasing irrelevant collective variables or missing crucial slow collective variables[329]
could result in observing no significant motion away from initial metastable state, or to sampling
unphysical regions of configurational space.

50' Ry

—-20 0 20 40

Figure B.1: Reduced-MSA AF2 structures projected on SPIB obtained from AF2-RAVE, used to
compute average pLDDT scores. We use structures that do not overlap with regions we sample to
compute these scores.
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B.1.3 State predictive information bottleneck

Here, we use SPIB iteratively with biased or enhanced dynamics to learn the reaction
coordinate[5]. SPIB is essentially a past-future information bottleneck protocol which takes time
resolved trajectory data in a high dimensional order parameter space. It then predicts a latent
space of desired dimensionality and identifies states in this space. Here we used a 2-dimensional
information bottleneck which we denote {04, o5} . The protocol requires an initial identification
of state labels which is then refined iteratively. The model learnt through SPIB consists of an en-
coder, which transforms the high dimensional input into a latent space, and a decoder, which uses
this latent space to predict state labels after a pre-set time-lag. Ideally, the latent space identified
as the information bottleneck would correspond with our traditional understanding of reaction
coordinates. This was demonstrated to be true for a model system in Ref. 5, where the latent
space corresponds very well with the committor as defined in transition path theory. The infor-
mation bottleneck is found by optimizing a loss function that maximizes the latent space’s ability
to predict the state of the system after a pre-set time-lag, while reducing the input dimensionality
to the given bottleneck dimensionality. SPIB is capable of using both a linear or a non-linear en-
coder. In this work, we use a linear encoder with a non-linear decoder. We have found that when
there are regions of state space that have zero sampling that we may aim to push the simulation
into, a linear encoder is far superior as a non-linear encoder will often overfit to sampled regions
while producing unphysical results in unsampled regions. This is important, since our inputs are
unbiased trajectories initialized from cluster centers of the AlphaFold2 outputs. To remain as
generalizable as possible, for our initial state labels we use time based labelling, i.e. the frames
are labelled so that the first and second half of each trajectory individually form an initial state.

B.1.4 Other simulation details

The protein is represented by the AMBERO3 force field[330]. The simulations are per-
formed at 300 K with the leap-frog integrator in GROMACS 5.1.4[331]; LINCS was used to
constrain the lengths of bonds to hydrogen atoms[332]; Particle Mesh Ewald was used to calcu-
late electrostics[333]; the step size was 2 fs. The systems were solvated with TIP3P water models
and equilibrated under NVT and NPT for 200ps and 300ps respectively. All simulations were run
in water, as we intend this to be a demonstrative paper for this protocol, though we have found
that it is suitable for simulations in other environments as well. We used PLUMED 2.4 [334]
to extract collective variables. Other specific details about the systems, such as input collective
variables, number of trajectories and number of RAVE iterations are noted in their respective
sections below.

B.1.5 Collective variable choices

An important feature of our protocol, both in its versatility and adaptability, is the choice of
input order parameters or collective variables in the clustering and SPIB learning stages. On one
hand, SPIB’s ability to handle a large number of inputs lends itself to highly exploratory work,
the careful choice of CVs also lends itself to our ability to study extremely different scientific
questions. In our work, we present three unique classes of protein structural changes, and our
choice of CVs is key.
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For CSP, we opt for the most generalized choice of collective variables to study rotameric
states: all sidechain dihedral angles. For the 66-residue peptide, this results in 125 dihedral
angles.

Similarly, for UBA?2 to retain maximum information while exploring partially disordered
states, we opt for the per residue Q value[72] and inter-helical angles as our input collective
variables, defined for a given structure as follows:

N

1 1
Q) = N {ZZ]} 14 exp Bri; — Arg;]’

where 0; is the Ith residue, r;; is the distance between atoms 7 and j for the specified struc-
ture, and r7; is the distance in the reference (native-like) structure. The atom pairs ¢, j are chosen
so that ¢ belongs to the residue 7, and rj; < 4.5A, i.e. all pairs of atoms that are geometrically
in “contact” in the reference structure. We choose the single structure Alphafold2 outputs as our
reference both wild-type and mutant. The parameters 5 and A were taken from Ref. 72. For a
notion of inter-helical angles, we use the a-carbons of residues {R9, F15, 121} and {A23, K29,
A35}.

PHE92 | GLN102 | ASP122 | GLN126
PHE127 | ARG184 | SER192 | THR194
ILE195 | ASN196 | TRP197 | GLY199
TYR205 | PHE208 | ILE209 | THR212
PHE272 | PHE275 | ASN276 | PRO286
LYS291 | PHE294 | TYR302

Table B.1: SSTR2 residues used to compute pairwise distances as inputs for RAVE.

Our approach for SSTR2 is more targeted, as we specifically aim to sample conformations
that change ligand binding affinities, so as to facilitate drug discovery. SSTR2 has a recently
resolved experimental structure, and like most other GPCRs, the residues involved in ligand
binding are known[335]. We begin by narrowing our CVs to this set of residues, tabulated in
Table 1, then selecting all residue pairs that are (1) within 4.5A0f each other and (2) do not belong
to the same transmembrane helix or connecting loop. We use the Ca distances between these
residues as our initial OPs to input into RAVE. One key difference in protocol is that to select
initial structures for unbiased sampling, we use regular space clustering[336], which results in a
more diverse and less redundant initial guess, as AlphaFold2 tends to overamplify the probability
of native-like or inactive structures.

B.2 Benchmarking the protocol using cold shock protein

To benchmark our protocol, we also run a control simulation on the cold shock protein
(CSP; PDB ID: 1HZB). In this work, we present sampling on the State Predictive Information
Bottleneck (SPIB), a 2-d linear combination of all 125 sidechain dihedrals to show the existence
of several rotameric states. Here, we ensure that our method both samples the correct thermody-
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namic profile for the dihedrals of the specific residue of interest, while also increasing ergodicity
in sampling in different degrees of freedom.

CSP has known rotameric metastability in its eighth residue (Trp8), exhibiting 6 metastable
states in its x; and y» (the first two dihedral angles following the backbone) torsions as per
fluorescence spectroscopy [102]. We show representative structures for these 6 states with the
relevant residue highlighted in purple in Fig. B.2.

To demonstrate the power of our method, we assume no knowledge of Trp8, or any other
residues with metastable rotamers, and at every stage of the algorithm, we use all available 125
protein Y torsional angles. To benchmark thermodynamic weights, we run metadynamics[6]
on the same system, but biasing along the Trp8 x; and x» angles so as to generate a PMF in the
spaceB.3. We show that without using any a priori information regarding residues that are known
to exhibit conformational metastability, we are able to obtain different competing conformations
together with their accurate Boltzmann weights. Without using any specific preference towards
the x; and - dihedrals of Trp8, our protocol correctly ranks the 6 metastable states along these
two dihedrals. We also rerun the same protocol using only the crystal structure initialized unbi-
ased runs, to show that the reducedMSA AF2 structures are indeed useful. While we see some
increase in sampling in the y; direction, there is no sampling in y». It is likely that on running
for longer, we will begin to see sampling in x; as well. However, the bottleneck learnt from this

Figure B.2: Representative structures for the six metastable states in Trp8 orientations for cold shock
protein 1HZB, with Trp8 highlighted in purple.
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trajectory has very low emphasis on diversity in the Trp8 conformations, as those barely fluctuate
in the initial input trajectory.

Further, we also show that our protocol is more general than the focused metadynamics run,
and samples conformations along not just Trp8 but along all 53 residues that contain sidechains.
To quantify our improvement in generalized sampling, we define sidechain dihedral space as the
space of all configurations in all dihedrals, and measure volume explored in this space by an
n-dimensional histogram, where n is number of sidechain angles for each residue. We define
a measure of ergodicity enhancement as the increase in volume of dihedral configuration space
explored. In Figure B.4, we see that our protocol not only samples the Trp8 residue conformations
comparably to metadynamics directly on that residue, but also samples more extensively for all
residues with sidechains, which directed metadynamics fails to do.

Finally, we consider the PMF on our SPIB coordinates in Fig. 2 (main text), which shows
a much larger number of states than anticipated. Since the final SPIB is non-linear, it is difficult
to confidently assign physical meaning to all the states” it predicts. However, we can attempt
a careful analysis of the trajectory, and we find that there are also some non-Trp8 residues that
clearly change with the SPIB states in clean transitions, suggesting that SPIB is learning ro-
tameric metastable states in multiple residues. In Fig. B.5, we plot our trajectories on the SPIB
coordinates, colored as per the angles of these specific dihedrals on a periodic colormap. These
are distinct from the bulk of the dihedrals where there is no correlation with the information bot-
tleneck or its predicted states. While in this case, we are using CSP as a model, in cases where
we are interested in the structural biology of a protein, such analysis would be very useful.

B.3 Conformational diversity in SSTR2

As seen in [2], the conformational diversity in GPCRs that is most important for drug
design purposes is in interhelical angles and and distances, specifically those of TM6 and TM7.
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Figure B.3: PMFs along sidechain angles of the Trp8 residue which exhibits six metastable states. In (a)
we show calculations from 20 ns long unbiased trajectory initialized from XRD structure. In (b) we show
results of metadynamics performed on sidechain angles of the Trp8 residue. In (c) we show results from
metadynamics performed using information bottleneck obtained without a priori knowledge of Trp8
metastability. Finally, in (d) we show a results from using our protocol without reduced-MSA AF2 inputs,
learning a bottleneck with only the crystal structure initialized unbiased trajectory as an input. Colorbars
for all 4 figures are shown with energies in units of kcal /mol.
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Figure B.4: Ergodicity enhancement in CSP residues. To examine the improvement in sampling of
sidechain configurations, we compute the volume sampled in x spaces for each residue and plot this for
metadynamics performed by (i) directly biasing the sidechain dihedrals y; and x2 of the Trp8 sidechains
(purple) and (ii) biasing along the information bottleneck our methodology obtains (green). Both
volumes are normalized by volume sampled by unbiased trajectories of the same length.

Since we assume no prior information, our collective variables are in terms of a-carbon distances
of specific residues. However, we can use specific residue distances to establish that interhelical
motions are key in our sampling.

Distances with highest weights in our SPIB are PHE92-ASN196 and PHE92-TRP197 (rep-
resenting TM6-TM7 interactions), GLN126-THR212 (representing TMS5-TM6 interactions, and
PHEI127-ILE209 (representing TM7-TM4) interactions. We also observe significant dihedral
motions in helical residues in the ligand binding core of the protein.

B.4 Functionality and structural changes in UBA2

UBAZ2, present in the human Rad23 protein [104], and is a 3-helix bundle consisting of 41
residues, where the hydrophobic patch formed between the first and third helix is functionally
crucial for binding to ubiquitin, and the constituent helices are extremely stable [337]. Studies
show that LL355A is primarily a disordered structure[104, 338] with loss of functionality. Our
enhanced sampling order parameter is a learnt SPIB, which has non-uniform weights on per-
residue Q values, representing a principled approach to combining residue contacts. Using this
order parameter, we launched 4 500ns-long well-tempered metadynamic trajectories for both WT
and L355A. We use total Q values as a way to characterize the disorder-order separation in UBA2
across both WT and mutant, and to support the stabilization of a partially disordered non-native
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Figure B.5: The variation (represented by a periodic colormap) of some carefully chosen sidechain
angles in our trajectory plotted on the SPIB coordinates. We see that the states are detecting rotameric
transitions in several residues aside from Trp8 as well.

form to a missense (L355A) mutation. This is a convenient coordinate since it can be decomposed
into per-residue Q values and reassembled as a linear combination representation of the SPIB.

For a stability analysis of UBA2’s unfolding, we calculated the free energy difference be-
tween the folded states and unfolded states in Q-value space. To define the folded states we
looked at the fractional helicity (discussed below) and used a Q-value of 0.9 (Q).)to differentiate
the folded vs unfolded. We justify the choice of this value through structural analysis. We find
that the basin at Q-value 0.8 (Fig 3c in main text) contains conformations with the hydropho-
bic patch disconnected. The free differences for both WT and L355A are calculated using the
equation

ch 09 ¢=8G(9) gq

AGy- ¢ =09)=Gr -Gy =kgTl
v->r(Q ) =Gr U B n( pr_og ~6G(0)dg

An important point to be noted is that the AAG calculated as the difference between
AGE354 and AG"T is positive suggesting the point mutation is destabilizing.

Here, we present some more analysis on more structure based collective variables to in-
terpret the mutant’s observed loss of functionality. Fig. B.6 shows the PMF of both WT and
L355A in a 2D space defined by both RMSD and Q-value, showing that our pipeline resolves the
structural separation well. The PMF is constructed by reweighting 4 separate trajectories apiece,
and we only present the PMF in regions of state space that are sampled by all 4 trajectories so as
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Figure B.6: PMFs plotted on Q value-RMSD space to represent global structural changes found by
AF2-RAVE for a) L355A and b) WT. Here, for reference structure, we use an equilibrated structure from
classical AlphaFold2.

0.0

to minimize error.

Fig. B.7 shows fractional helical content for the L355A and WT, i.e. the fraction of residues
with backbone torsions corresponding to helices[339] on the Ramachandran plot. These results
are presented as a weighted histogram, using weights from our RAVE-based simulations. Fig.
B.7a shows that about 70 percent of the WT remains helical with little deviation, while the distri-
bution for L355A is wider and slightly shifted. This corresponds with results in Ref. [103] which
show that the protein retains helicity even when partially disordered. All these results can be
refined by performing multiple rounds of RAVE, but here we show results from a single iteration.

Figs B.7 (b,c,d) show fractional helicity per individual helix (H1, H2, H3) as defined in the
protein’s WT native form. L355A residues from H1 and H3 have a broader distribution compared
to the bimodal WT distributions, while the mutation causes a nearly complete loss in H2 helical
content. This could suggest that the loss of helical content in H3 may be the cause for the loss of
functionality due to mutation, as residues in the H3 along with H1 and loop connecting H1 and
H?2 form the hydrophobic patch that is crucial for ubiquitin binding.
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Figure B.7: Fractional helicity for L355A and WT reweighted by metadynamics time-independent
weights[6] : a) residues from the full protein structure, b), c), d) residues belonging to helix1 (H1), helix2
(H2) and helix3 (H3), respectively. Helices are defined by structure in the protein’s wild type native fold.
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Appendix C:  Supporting Information for Chapter 4

C.1 Methods

C.1.1 Training State predictive information bottleneck

Since we aim to make our protocol generalizable, we start with a large set of input CVs.
However, biasing using metadynamics on a function of a large set of CVs is hard to control and
not always statistically stable. To alleviate this to some extent, we adopt a basis CV refinement
step as a stand-in for regularization in our OP learning protocol, wherein we run SPIB three
times, each time discarding features with weights lower than 0.25 of the maximum weight. The
intuition for SPIB here is to learn coordinates that separate the inputs and learn those coordinates
that are not well sampled in the unbiased trajectories. For this, it is best to use long timescales,
around 0.25 — 0.5 times the length of our input trajectories

C.1.2 Simulation details

The protein is represented by the AMBERO3 force field[330]. The simulations are per-
formed at 300 K with the BAOAB integrator[340] in OpenMM[341]; LINCS is used to con-
strain the lengths of bonds to hydrogen atoms[332]; Particle Mesh Ewald is used to calculate
electrostatics[333]; the step size was 2 fs. The systems are solvated with TIP3P water models
and equilibrated under NVT and NPT for 200ps and 300ps respectively. To prevent melting dur-
ing biasing, we also restrain the conserved aC-helix of the N-lobe. Large scale motion for this
motif is essential, both to see a transition and for drug unbinding pathways[3, 342]. However,
biasing CVs that include distances from this helix often leads to irreversible disordering, and we
find that applying torsional restraints on residues 65 to 81 is sufficient to allow for smooth upward
motion. In Fig. 4.1, we show the aC-helix and its position with respect to the DFG loop.

Supporting Information

C.2 Collective variables

Collective variables described in the main text are defined in detail in tables Table C.1,Table
C.2, and visually represented in Fig. C.1. Distributions obtained from reduced MSA AF2 are
shown in Fig. C.2.
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Universal Conserved | ID for | Description

kinase motif | residue DDR1

HRDxN Asn 173 Asn of the HRDxxxxN motif

DFGAsp Asp 186 Asp of DFG motif

DFGPhe Phe 187 Phe of DFG motif

DFGGly Gly 188 Gly of DFG motif

ChelE Glu 74 C-helix conserved Glu

ChelX - 78 Four down from the
C-helix conserved Glu

X2 - 81 C-terminal of C-alpha helix

X3 - 165 Midpoint of section in Clobe
roughly parallel to DFG motif

X4 - 189 Three down from DFG

sbridgeR Arg 172 Conserved Arginine that makes a
salt bridge with C-helix Glu

sbridgeK Lys 57 Conserved Lysine that makes a salt
bridge with C-helix Glu

PloopN1 - 18 First residue of the P-loop

PloopCl1 - 23 Last residue of the P-loop

Table C.1: Residues included in collective variable definitions

Distances

Kinase motif | Atom name | Kinase motif | Atom name
HRDxN CA DFGPhe CA
ChelE CA DFGPhe CA
PloopN1 CA PloopC1 CA
PloopN2 CA PloopC2 CA
DFGAsp CG HRDxN CA
DFGPhe CG X2 CA
sbridgeR cz ChelE CD
sbridgeK NZ ChelE CD
DFGGly O sbridgeR N
ChelX CA DFGPhe 074
sbridgeK CA DFGPhe CZ
sbridgeK CB ChelE CB
sbridgeK CB DFGAsp CB
X2 CA X4 CA

Table C.2: Distances used as input collective variables for SPIB
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Figure C.1: a) Visualization of input CVs for SPIB in red dashed lines, detailed visualization of the CVs
in b)-e) in black lines. b) CVs corresponding to the A-loop distance with N lobe aC helix and C lobe
N173[7], ¢) CVs used for Dunbrack classification of DFG in/inter/out conformations that primarily focus
on distances between DFG Phe and the conserved salt bridge between K57 and E74 present in the N
lobe[8], d) CVs corresponding to A-loop DFG motif distances with to N lobe aC helix and C lobe R172.
These CVs also represent the dissociation of the conserved salt bridge by including the salt bridge
distance, as in c¢), and the structural integrity of the P-loop. €) CVs corresponding to A-loop DFG motif
distance with N lobe aC helix and 33.

C.3 Comparison of AF2 results across kinases

In Fig. C.3, we show structural diversity obtained from reduced MSA AF2 for two other
kinases in comparison with DDRI1, specifically the Abl and Src kinases. We specifically choose
these kinases as they are well known to have very different stabilities for the active and inactive
states, are well studied, and are of medical importance[120]. It is clear that there is very no
qualitative difference and very little quantitative difference in AF2’s predictions for these three
kinases— suggesting that for homologous molecules, AF2 learns very limited structural infor-
mation. At low MSA depths (e.g. 8), AF2 generates diverse conformations almost agnostic to
specific kinase identities, while at even slightly higher MSA depths (e.g. 16), AF2 does not
see statistically significant diversity in either kinase sequence, with a strong bias towards the
DFG-in active conformation. A detailed analysis of the effect of the MSA length on the confor-
mational diversity of all three kinases is presented in the SI. As suggested in Monteiro et al.[150],
varying MSA length can provide a qualitative understanding of the relative population for some
sequences. Here, we see that for DFG-in dominant kinases like Abl and Src, this hypothesis is
true. However, the relative populations are flipped for DFG-out dominant kinases like DDR1, and
it is furthermore evident from Fig. C.3 that relative populations for all kinases are uncorrelated
with Boltzmann stabilities. Reweighting these populations with their corresponding Boltzmann
weights is the primary motivation for this work.
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Figure C.2: Collective variable distributions for reduced MSA AF2 structures for wild type and mutants
D671IN, Y755A, and Y759A. These CVs are described in Table 1, and represent a large number of
important collective motions in the molecule. The distributions have been plotted with offsets since these
are highly overlapping and similar, indicating that AF2 even with reduced MSA can not distinguish
between conformational stabilities of these sequences. The zero lines are marked with dashed black lines.
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DDR1, MSA=8 Abl, MSA=8 Src, MSA=8

= DFG-out - 17.3%
== DFG-inter - 16.0%
== DFG-in - 66.7%

DDR1, MSA=16 Abl, MSA=16 Src, MSA=16

= DFG-out - 15.7% = DFG-out - 9.2%
== DFG-inter - 14.4% == DFG-inter - 18.5%
== DFG-in - 69.9% == DFG-in - 72.3%

== DFG-out - 1.9%
== DFG-inter - 5.1%
== DFG-in - 93.0%

== DFG-out - 1.6%
== DFG-inter - 4.1%
== DFG-in - 94.4%

== DFG-out - 0.2%
== DFG-inter - 1.6%
== DFG-in - 98.3%

Figure C.3: Statistics of structural diversity obtained from AF2 reduced MSA on three kinases: DDR1,
Abl, and Src, showing that AF2 does not really distinguish between them.
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Figure C.4: Bias potential learnt from metadynamics on SPIB learnt from unbiased AF2RAVE seeded
trajectories. The potential is plotted on SPIB coordinates o 1

C.4 Sampling results

The bias potential learnt to perform our final calculations is shown in Fig. C.4. Our final
combined PMFs are shown in Fig. C.5. To compare, we also show unbiased sampling trajectories
on the same axes in Fig. C.6, noting that there is little overlap in trajectories between DFG-in
and DFG-out states, with a clear separation in this CV space, hence necessitating the need for
enhanced sampling.

In Hanson at al. the same four kinases that we study are simulated for extremely long time
intervals using unbiased molecular dynamics. A large set of collective variables is extracted from
these trajectories, which are then Processed using TICA. A two-dimensional TICA sata set is
then clustered, and analyzed to provide free energy differences. While our method is different,
we are still able to compare our results, and in Fig C.7, we provide a graph that is roughly parallel
to theirs.
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Figure C.5: PMFs sampled for all four systems projected on Dunbrack co-ordinates, a) Wild type, b)
Y759A, c¢) Y755A and d) D671N. The solid lines differentiate the DFG loop conformations. The top-left
quadrant describes DFG-in, the bottom-left quadrant describes DFG-inter, the bottom-right quadrant
describes DFG-out and the unassigned belongs to the top-right quadrant.
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Figure C.7: Visualization of free energy differences for DFG-in to -out transition in bar chart form.

Figure C.8: Visualization of the E5S7-K74 salt bridge forming and helix upward motion observed during
sampling.
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C.5 Using GrASP on our results

In Fig. C.9 we show cryptic pocket predictions using GrASP[124] for various free energy
minimum structures in DFG-in and DFG-out conformations for wild type DDRI. It is clear that
we uncover new pockets by increasing sampling, and several of these correlate with druggable
regions in other kinases, but further work must be done to investigate the usefulness of these
pockets.

C.6 Code Availability

The code to run AF2-RAVE in a seamless manner is available at https://github.
com/tiwarylab/alphafold2rave. This can be run on Google Colab using GPUs. Using
Colab Pro is advised. Codes, parameters, and bias files used to specifically run the simulations
from this protocol can be found at ht tps://github.com/tiwarylab/kinase_Aloop.
These will currently only work for the sequences used in this paper, but most files are easily
adaptable for use in other kinases with some specific changes, which are marked. An example
video is also in the folder, and while full trajectories are too large to upload, they can be made
available on request.

C.7 Data Availability

All data associated with this work is available through https://github.com/tiwarylab/
kinase_Aloop.
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Figure C.9: Cryptic pocket predictions for various free energy minimum structures in DFG-in and
DFG-out conformations for wild type DDRI1.
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Appendix D:  Supporting Information for Chapter 5

D.1 Methods

D.1.1 Summary of systems tested and tools used

In this work we tested AF2RAVE-Glide protocol on active and inactive conformations
of DDR1, Abll and Src kinases against type I inhibitors VX-680 and Dasatinib, and type II
inhibitors Imatinib and Ponatinib. The top-ranked structures obtained from AF2RAVE-Glide
were compared against publicly available crystal structures deposited in the Protein Data Bank
(PDB), with PDB codes provided in the main text.

To generate diverse structural ensembles for DDR1, Abll, and Src kinases, we primarily
used the reduced MSA AF2 (rMSA AF2) method. For comparison, we also produced AF2-cluster
ensembles for these three kinases.

For MD simulations, all the systems in this paper were parameterized with the Amber99SB*-
ILDN force field [343, 344] with the TIP3P water model[345] and neutralized with Na™ ions or
C1™ ions. The simulations are performed at 300 K with the LangevinMiddlelntegrator[346] in
OpenMM|[341] with the step size of 2 fs. Particle Mesh Ewald[333] is used for calculating
electrostatics and the lengths of bonds to hydrogen atoms are constrained using LINCS[332]
throughout all simulations. Before performing MD simulations for analysis, energy minimiza-
tion is conducted for all initial structures, followed by equilibrium runs under NVT and NPT for
500 ps and 1 ns respectively.

To account for the induced-fit effect, Induced-Fit Docking (IFD) from the Schrdédinger
suite is the primary docking method used in this work. For comparison, we also tested the Glide
XP docking from the Schrédinger suite and DiffDock to dock the two known type II inhibitors
(Imatinib and Ponatinib) against DDR1 AF2 structure and the 15 classical DFG-out structures in
the DDR1 rMSA ensemble.

Code and data for this paper are available in https://github.com/tiwarylab/
AF2RAVE_Glide—-kinase

D.1.2 Generation of rMSA AF2 ensemble, AF2-cluster ensemble and AF2-
template structures

In this work, Colabfold [11] was employed to generate all the AF2-based ensembles and
structures. The multiple sequence alignments (MSAs) were produced using mmseq2. For IMSA
AF2 ensembles, the MSA depth was reduced to either 16 or 32 for each kinase. For each depth,
128 random seeds were utilized, and each seed produced 5 structural models via Colabfold, re-
sulting in a total of 1280 rMSA AF2 structures per kinase. The structure with the highest pLDDT
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score among all 1280 was identified as the AF2 structure (native structure). Subsequently, any
unphysical structures with an RMSD greater than 7 A from the AF2 structure were discarded,
culminating in the final rMSA AF2 ensembles.

AF2-cluster for DDR1, Abll and SrcK were run with default setups as provided in the
ColabFold notebook in the original paper of AF2-cluster[95].

The AF2-based homology modeling protocol, AF2-template (tAF2) method is implemented
using Colabfold. For a given query sequence, tAF2 structures are generated by Colabfold upon
uploading desired template structure and deactivating the Evoformer module. For each template,
5 AF2-template models are generated, and the last 3 structures exhibiting lower pLDDT will be
discarded. The AF2-template (tAF2) method is employed here to transfer structure sets between
homologous systems. To generate tAF2 structures for Abll in the classical DFG-out state, each
of the 15 classical DFG-out structures from the DDR1 rMSA AF2 ensemble is used as a tem-
plate, resulting in 30 tAF2 Abl1 structures in total. For Src kinase, a single representative tAF2
structure is generated using the “holo-model” DDRI1 structure as the template.

D.1.3 AF2RAVE protocol
D.1.3.1 Regular space clustering on the rMSA AF2 ensemble

We used the same 14 collective variables (CVs) for regular space clustering as in the pre-
vious AF2RAVE work on kinases[114]. These CVs are pariwise distances, selected to describe
the kinase conformations around the ATP-binding pocket and the A-loop.

D.1.3.2 Unbiased MD and SPIB

50 ns unbiased MD simulation was run for each AF2RAVE initial structure of DDR1 from
Figure E.8. The standard deviations of the 14 CVs are calculated after concatenating all the
12 unbiased MD trajectories. 8 CVs with standard deviations larger than 0.25 of the maximum
standard deviation remain as the input features of the SPIB model. We conducted a parameter
screening of the SPIB time lag, ranging from 1 ns to 40 ns with intervals of 1 ns. Eventually,
we selected a time lag of 16 ns based on the performance of SPIB coordinates in representing
physical features, including DFG-type and A-loop position.

D.1.3.3 PMF calculations from umbrella sampling

2D umbrella sampling is conducted along the two learnt SPIB coordinates, employing
11x11 windows. The bias potential equilibrium points are uniformly distributed in the SPIB
latent space, with o; ranging from -0.8 to -0.1 and o5 ranging from O to 0.8. The strength of the
bias potential is set to 1000 kJ/mol /nm?. Each window originates from the structure closest
to the window’s equilibrium point in Euclidean distance within the latent space among the 12
AF2RAVE initial structures and lasts for 100 ns (with the first 10 ns discarded in PMF calcu-
lation). For Abll kinase, we noticed a substantial proportion of the aC helix breaking in the
umbrella sampling trajectories (Figure E.19). This finding aligns with earlier enhanced sampling
investigations on DDR1 using metadynamics[114], where the authors imposed restraints to pre-
vent aC helix breakage. In our study, we opted to exclude all umbrella sampling windows where
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the ratio of broken aC helix exceeded 20% for the Abll PMF calculation (Figure E.20). The
WHAM algorithm is applied to bin and reweight the biased trajectories and compute the final
PMEF.

D.1.3.4 PMEF calculations from unbiased MD

50 ns unbiased MD simulation was run starting from each structure in the 15 classical
DFG-out structures in DDR1 rMSA AF2 ensemble. Upon discarding first 10 ns, all the unbiased
trajectories are simply concatenated to calculate the Boltzmann distribution and PMF for each
bin around the classical DFG-out basin in the latent space. For Abll, unbiased simulations start
from 30 AF2-template structures to calculate the PMF around the classical DFG-out basin.

D.1.3.5 Boltzmann ranks assignment for structures in AF2-based ensembles

After calculating the PMF value for each bin in the latent space, we projected AF2-generated
structures into latent space. We then directly assign the PMF values of the corresponding bins to
these AF2-generated structures.

We must acknowledge the limitations of the way we assigned PMF values to AF-generated
candidate holo structures. First of all, the free energy profiles are derived from MD simulations,
and the PMF values directly correspond to the MD structures. Here, we assumed that the la-
tent space adequately represents the conformational changes of protein pocket within specific
metastable states. Additionally, while the enrichment of holo structures in the top Boltzmann-
ranked structures persists, the absolute PMF values and Boltzmann ranks of proper holo structures
may fluctuate with the umbrella sampling setups, as depicted in Figure E.11. Theoretically, the
number of umbrella sampling windows and the simulation length should be sufficiently large for
PMF convergence. However, there is always a trade-off between PMF accuracy and computa-
tional costs, so we opted to stick with the current setups.

D.1.4 Docking details

All the input structure for our docking experiments were first relaxed in solution with a MD
energy minimization step. This work investigates two type I inhibitors (VX-680 and dasatinib)
and two type II inhibitors (imatinib and ponatinib) by docking. For Glide XP docking or IFD,
we used Ligprep in Maestro to prepare the ligand inputs from SMILES files. For DiffDock, the
ligand inputs were directly provided as SMILES files.

D.1.4.1 Glide XP Docking

Glide XP docking experiments in this work were run with default setups in the Maestro
software. Glide XP docking was performed for all four ligands on the AF2 structures of DDR1
or Abll, as well as on the 15 classical DFG-out conformations of DDR1 in the rMSA AF2
ensemble.
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D.1.4.2 Induced-Fit Docking (IFD)

For Induced-fit Docking, we used the Glide XP for initial docking, followed by Prime relax-
ation and final Glide XP docking. Parameters remain default in Maestro IFD. IFD was performed
only for the type II ligands on the AF2 structures of DDR1 or Abll, on the classical DFG-out
conformations of DDR1 or Abll in the IMSA AF2 ensembles, as well as tAF2 structures of Abll
and SrcK.

Given ponatinib’s backbone features, notably its lengthy and slender carbon-carbon triple
bond, it exhibits reduced sensitivity to steric clashes, resulting in successful docking with the
DDR1 “holo-model” structure at a ligand RMSD of 0.89 A. Conversely, the “holo-model” struc-
ture struggles to accurately dock with imatinib using IFD (Figure E.5 B). We then employed
an extended-sampling IFD approach by initially trimming the DFG-Phe residue from the “holo-
model” structure. The trimmed residue is temporarily mutated to alanine during initial dock-
ing and later restored in subsequent Prime relaxation and final docking steps. Here, in the
“holo-model” structure, we manually chose the DFG-Phe residue which is significantly hindered
by holo-imatinib (Figure E.6 B). For generic systems lacking groundtruth information, broader
screening of single residue trimming for the protein pocket may be necessary for this extended-
sampling IFD method. In essence, it’s a trade-off between the quality of holo-like structure to
dock with and the accuracy/complexity of the docking method.

D.1.4.3 Diffdock performace on DDRI classical DFG-out in rMSA AF2 en-
semble
DiffDock docking experiments in this work were run in the webserver with default setups in
the version before 3/8/2024 (https://huggingface.co/spaces/simonduerr/diffdock)[131].

DiffDock was performed only for type II ligands on the AF2 structures of DDRI1, as well as on
the 15 classical DFG-out conformations of DDR1 in the rMSA AF2 ensemble.

Appendix E:  Supplementary Figures and Data

Supplementary Data

Supplementary File 1. Confidence score for the DiffDock pose aligns with AF2RAVE
pmf values. The DiffDock confidence score of the pose with the lowest ligand RMSD (marked
in red/bold) from each classical DFG-out structure in DDR1 rMSA AF2 ensemble is compared
with the AF2RAVE pmf value for corresponding strutcure (marked in red/bold).
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Figure E.1: The distributions of ligand RMSDs for Glide XP docking poses of DDR1 and type I/type 11
inhibitors (upper/lower panel). Results from cross-docking against 4 crystal holo structures, docking
against the AF structure, and docking against 15 classical DFG-out structure in rMSA AF2 ensemble are
shown as green, blue, and red, separately.
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Figure E.2: The plot illustrates the number of gaps in the multiple sequence alignment (MSA) generated
by mmseq?2 (using Colabfold [11]) for different kinases. The non-gap count describes the coverage of
each position in the MSA. The presence of residue positions with gap counts higher than 40 per cent of
the total sequence in DDR1 implies that it has fewer conserved regions than abll kinase and src kinase.
This characteristic of DDR1 MSA enables the rMSA AF2 protocol to generate multiple conformations
for DDR1, including the classical DFG-out conformation, by initializing it at various states. However, the
highly conserved nature of abll and src makes it challenging for the rMSA AF?2 to initialize at a state that
can lead to a classical DFGout conformation. Therefore, we used the AlphaFold template protocol to
overcome this initialization issue with rIMSA AF2.
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Figure E.3: The AF2 pLDDT rank is plotted against the CA RMSDs from the AF2 structure (the one
with the highest pLDDT) for each structure in the rMSA AF2 ensemble for Abll, DDR1 or Src kinase. A
RMSD cutoff of 7 A (dashed black line) is applied to filter out unphysical structures with large RMSD
from the native structure. Each rMSA AF2 ensemble is consist of 1280 structures, 640 for MSAs of depth
8:16 (red) and 16:32 (blue), separately.
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Figure E.4: The AF2 pLDDT rank is plotted against the CA RMSDs from the AF2 structure for each
structure in the AF2-cluster ensemble for Abll, DDR1 or SrcK. A RMSD cutoff of 10 A (dashed black
line) is applied to filter out unphysical structures with large RMSD from the native structure. After the
RMSD filter, 197 out of 362 structures remain for Abll, 134 out of 251 structures remain for DDR1, and
93 out of 355 structures remains for SrcK.
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Figure E.6: A) Comparison of the DFG motif for DDR1 in its co-crystalized structure with imatinib
(PDB 4BKl), its “holo-model” structure and its AF2 structure. B&C) In the “holo-model” structure, the
Phe residue in the DFG-motif requires rotation to prevent steric clashes with imatinib. proteins from
crystal structure are shown as cyan cartoon, while all the other proteins are shown as grey cartoon. D)
Ligand RMSDs are plotted against the docking scores for the IFD-trim docking poses of type II inhibitors
(ponatinib and imatinib) against the “holo-model” structure in DDR1 rMSA AF2 ensembles. The pose
with the lowest ligand RMSD is marked by hexagon.
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Figure E.7: Ligand RMSDs are plotted against the DiffDock confidence scores for the DiffDock poses of
type II inhibitors (ponatinib and imatinib) against DDR1 AF2 structure (blue) or the classical DFG-out
structures in DDR1 rMSA AF2 ensemble (red). The pose with the lowest ligand RMSD from each input
structure is marked by hexagon.
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Figure E.8: A) the rMSA AF2 ensemble for DDR1 is projected in the Dunbrack space. Sample points
are color-coded based on the CA RMSD from the AF2 structure with the highest pLDDT. Regular space
cluster centers are marked by blue hexagons. For each DFG-type (in, inter or out), top two cluster centers
with the lowest CA RMSD are selected as AF2RAVE initial structures. B) To take account of the
underrepresented A-loop folded configurations, an extra regular space clustering is conducted only for the
A-loop folded structures in the rIMSA AF2 ensemble. The color code, notation and the way to select
initial structures are the same as plot A. Combining AF2RAVE initial structures from both plot A&B,

there are 12 initial structures in total.
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Figure E.9: A) Distributions from different umbrella sampling windows in the latent space. B) The

distribution overlap graph for all the umbrella sampling windows. The mean value of each distribution is
shown as blue dots. Each distribution’s 2D histogram is flattened into 1D vectors, and the cosine
similarity between two distributions is then indicated by the width and color of the edge connecting the
respective dots. Windows from the A-loop folded region are not overlapped well with the windows from
the A-loop extended region, while windows inside the A-loop folded region (the left part of the graph) are

well connected and are used for the local PMF calculation in Figure 5.4 D.
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Figure E.10: DDR1 PMF calculated with all the umbrella sampling windows. Hanson et al.[4] found the
A-loop folded DFG-out state to be more stable than the A-loop folded DFG-in/inter state for DDR1; Vani
et al.[114] reported that the A-loop extended DFG-out state is more stable than the A-loop extended
DFG-in/inter state for DDR1. Although our umbrella sampling setup is not sufficient to sample the
A-loop movement, the observed relative stability corresponds with the findings of Hanson et al. and Vani
et al.
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Figure E.11: PMF values and Boltzmann ranks of candidate structures fluctuate with the selection of the
umbrella sampling windows and the simulation length of umbrella sampling trajectories, demonstrated
with the DDR1 system.
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Figure E.12: Free energy profile for DDR1 in the latent space, calculated from unbiased MD
simulations. The 15 DDRI classical DFG-out structures in rMSA AF2 are shown as red cross and circles
(top 5 structures ranked by free energy values). The “holo-model” structure is emphasized using a red

circle filled with red.
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Figure E.13: A) The distribution overlap graph for all the unbiased MD trajectories starting from 15
classical DFG-out structures in DDR1 rMSA AF2 ensemble. B) The distribution overlap graph for all the
unbiased MD trajectories starting from 30 Abl1 tAF2 structures in classical DFG-out state. The
color-code is the same as Figure E.O.
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Figure E.14: Ligand RMSDs are plotted against the docking scores for the IFD docking poses of type 11
inhibitors (ponatinib and imatinib) against Abl1 tAF2 structures. The pose with the lowest ligand RMSD
from each input structure is marked by hexagon.
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Figure E.15: The projection of A-loop folded structures from the rMSA AF2 ensemble or the
AF2-cluster ensemble (cAF2) on the AF2RAVE PMF for Abll or DDRI1.
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Figure E.16: A) the AF2-template structure for Src kinase is superimposed with its template structure
(classical DFG-out in DDR1 rMSA AF2 ensemble, “holo-model”). The tAF2 structure of Src is shown as
light-orange cartoon (protein) and yellow sticks (DFG motif), while DDR1 template is shown as
light-gray cartoon (protein) and blue sticks (DFG motif). B) the AF2-template structure for Src kinase is
again superimposed with Src/imatinib co-crystallized structure (PDB 20IQ). Crystal structure is shown
as light-cyan cartoon (protein), green sticks (ligand) and magenta sticks (DFG motif).
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Figure E.17: The projection of A) the rMSA AF2 ensemble or B) the AF2-cluster ensemble on the
AF2RAVE latent space for SrcK. The classical DFG-out SrcK structure generated from AF2-template in
Figure E.16 is shown as the green star. The color-code shows the A-loop location.
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Figure E.18: Ligand RMSDs are plotted against the docking scores for the IFD/IFD-trim docking poses
of type Il inhibitors (ponatinib and imatinib) against the SrcK tAF2 structure. The pose with the lowest
ligand RMSD from each input structure is marked by hexagon.
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Figure E.19: A) one representative frame with aC helix broken in Abl1 umbrella sampling trajectories.
The backbone of the aC helix is shown with cyan sticks, while the DFG motif is shown as orange sticks.
B) or C) The distribution of the ratios of frames with aC helix broken in each umbrella sampling window
for Abll or DDRI.
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Figure E.20: Abll PMF calculated from umbrella sampling after discarding windows with aC helix
broken. The four holo-like structures (‘“holo-models™) are enriched to the top six based on PMF values.
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Appendix F:  Supporting Information for Chapter 6

F.1 MD simulations

F.1.1 Unbiased MD simulations
F.1.1.1 Short MD for AF2RAVE

All the systems were neutralized with Na™ ions or Cl~ ions and parameterized with the
Amber99SB*-ILDN force field [343, 344] with multivalent cation potential optimized by ex-
perimental ion-oxygen distance (IOD) [347] and the TIP3P water model[345]. Particle Mesh
Ewald[333] was used for calculating electrostatics and the lengths of bonds to hydrogen atoms
were constrained using LINCS[332] throughout all simulations. Simulations were performed at
300 K with the LangevinMiddlelntegrator[346] in OpenMM[341] with the step size of 2 fs. En-
ergy minimization was conducted for each initial structure, followed by equilibration runs under
NVT and NPT for 500 ps and 1 ns respectively. Production simulations were then carried out
under the NPT ensemble for 100 ns. To prevent Ca** ions from dissociating from EF-hands,
truncated harmonic constraints between C'a®" ions and coordinating oxygen atoms were applied
during equilibration runs and production runs, as shown in Fig. FE.5C. Coordinating oxygen atoms
were identified based on their pairwise distances with calcium ions across NMR structure ensem-
bles, which consistently remain below 5 A forboth Ca?T-S100A1 (PDB 1ZFS) and C'a**-S100B
(PDB IMWN), as shown in Fig. E5A-B. For pseudo EF-hands, four coordinate oxygen atoms
are identified: SER19-O, LYS27-O, GLU32-OE1, and GLU32-OE2. For typical EF-hands, five
coordinate oxygen atoms are identified: ASP62-OD1, ASP66-OD2, GLU68-O, GLU73-OEl,
and GLU73-OE2. For each production run, restrained calcium-oxygen pairs with average dis-
tances over 5 A were considered as unstable coordinate bonds, and production trajectories with
more than two such unstable coordinate bonds were discarded, as shown in Fig. F.5D, leaving 9
production runs for Ca?T-S100A1 and 12 for C'a®"-S100B for further SPIB analysis.

F.1.1.2 Long 1 us MD from another study

In an unpublished study, we performed 1 ps long MD simulations for six Ca?-S100 sys-
tems to investigate inhibitor selectivity. Here, we analyzed the fluctuations from those long-
timescale simulations to identify rigid domains within the C'a**-S100 proteins.

To set up the initial structures for MD simulations, XRD structures were used for the
S100B/SBi5369 and S100B/SBi5345 complexes. Since no XRD structures are available for
the S100A1/SBi5369 and S100A1/SBi5345 complexes, homology modeling was performed us-
ing AlphaFold2 with the S100B/SB15345 XRD structure as a template. For the compound-free
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S100B and S100A1 systems, the compounds were simply removed from the S100B/SBi5369
or S100A1/SB153609 structures mentioned above, respectively. We employed the CHARMM36m
force field [348, 349], with ligand parameters generated using the CHARMM General Force Field
(CGenFF). No restraints were applied to the Ca*" ions. All initial structures were prepared us-
ing CHARMM-GUI [350, 351], which included solvation with a water box extending 10 A from
the protein surface, neutralization with Na®™ and CI~ ions, and adjustment to a physiological salt
concentration of 0.15 M. The protonation states of all residues were maintained as assigned in
the original XRD structures. Simulations were conducted using the OpenMM platform, with de-
fault input scripts provided by CHARMM-GUI. Prior to production runs, all systems underwent
energy minimization, followed by a 150 ps equilibration in the NVT ensemble using a 1 fs time
step. Production simulations were then performed in the NPT ensemble for 1 us using a 2 fs time
step.

To identify rigid domains and global features, we computed structural variance across the
entire amino acid sequence using a sliding window of 12 residues. The structural variance was
quantified using the order parameter Q[352], with the C'a?>T-S100B/SBi5369 XRD structure serv-
ing as the reference:

(T’ij 7r?‘.2f)2

1 N
ij
Qref = N E e 20% 3

li—j]|>2

where o0 = (1 + |i — j|)*'°A r;; and r;‘?f are C,, atoms distances between residue i,j in the MD
frames and reference structure, respectively. The Q value ranges from O to 1, with higher values
indicating greater structural similarity. Q values were averaged over all six long MD trajectories
for each 12-residue peptide segment. Adjacent segments with average Q values greater than 0.9
were merged to define rigid regions. Based on this analysis, we identified four rigid helices and
therefore eight terminal anchor residues per monomer, as illustrated in Fig. F.3.

F.1.2 Restrained MD simulations

For the restrained MD simulation, the simulation and initial structure setup follow the same
protocol as the unbiased MD section, except for the modifications detailed below. For both
the equilibration run and the production run, an additional constraint potential is applied in the

following form: Viempiate = Kiemplate D ; ’ Ztemp e 207 , Where Kiempiate 1S the restraint
strength, set to 100 kJ/mol, and o = 2 A, ri; are CVs selected based on their contributions to the
SPIB latent variable, specifically those with absolute weights exceeding 50% of the maximum
value. The reference CV values, rf;mp are corresponding CV values from the top 10 lowest free
energy structures among the 20 MD template structures. To preserve the crystal-like characteris-
tic in tAF2 configuration for rotamers with fast dynamics, the simulation is performed at 200 K
with a short 5 ns production run. The final frames from these production runs are compiled into

the AF2RAVE structure set.
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F.2 SPIB setup

The State Predictive Information Bottleneck (SPIB) model is a variational autoencoder ar-
chitecture that takes high-dimensional features {X;} from MD trajectories as encoder input and
predicts the future state label {y;, o} at a time lag At as decoder output. The low-dimensional
latent space {z} serves as an information bottleneck, compressing the high-dimensional input
while retaining sufficient information to construct metastability in the latent space. To achieve
this, the SPIB objective function maximizes the mutual information between the latent space
and future state labels while minimizing the mutual information between the input and latent
space: argmazx|[L = I(z;yrrar) — BI(Xy; 2)], where [ is a positive hyperparameter that bal-
ances regularization (/(.Xy; z)) and reconstruction (/(z; y¢+a;)). This encourages the latent space
to approximate reaction coordinates for transitions between long-lived metastable states—those
with residence times longer than At.

During training, the SPIB model iteratively refines the state labels until the state density
converges. After training, features that fluctuate much faster than the chosen time lag At are
assigned lower weights by the encoder, preventing them from influencing state assignments. As
a result, most frame pairs separated by At are assigned to the same state, effectively filtering out
fast intra-state fluctuations. Therefore, the choice of both the time lag At and the input features
should be aligned with the timescale and structural regions relevant to the dynamics of interest.

F.2.1 Global SPIB

For the 28 global features previously used in regular space clustering, we calculated their
standard deviation after concatenating all 21 unbiased MD trajectories for both C'a?T-S100 sys-
tems. To refine the feature set, we retained 14 of them with standard deviations larger than 0.25
of the maximum standard deviation as input collective variables (CVs) for global SPIB. For each
S100 isoform (Ca**-S100A1 or Ca?T-S100B), we first performed TICA with a time lag of 5
ns, followed by k-means clustering with 20 centers to generate initial state labels for SPIB. We
then conducted a hyperparameter sweep for the SPIB time lag, ranging from 5 ns to 50 ns in 5
ns intervals, and observed that the SPIB latent space remained largely consistent across different
time lags. Based on this, we selected a representative latent space trained with a 25 ns time lag
on the C'a®>"-S100B system, as shown in Fig. F.6. Since the input global features are transferable
among C'a*"-S100A1 and C'a®*"-S100B, the global SPIB latent space is also transferable.

F.2.2 Local/pocket SPIB

Given trajectories within a certain backbone mode, we trained the SPIB model based on the
53 local features. Unlike backbone motions, sidechain rotamers usually fluctuate on much faster
timescales. To capture various metastable packing modes of pocket residue sidechains given a
certain backbone mode, we first performed TICA with a time lag of 50 ps, followed by k-means
clustering with 20 centers for initial state labeling in the SPIB model. We then conducted a
hyper parameter sweep of the SPIB time lag, ranging from 50 ps to 5 ns in 250 ps intervals, and
observed that the latent space remained largely stable across time lags ranging from 50 ps to 800
ps. Based on this, we selected a representative latent space trained with a 300 ps time lag, as
shown in Fig. E.8.
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F.3 Dataset for ground truth holo structures of C'a?*"-S100A1 and Ca**-S100B

XRD-PDB24 structure set for C'a*t-S100B: 24 XRD holo structures from PDB: 3RMI1,
5CSJ, 5CSI, 4PEO, 3LLE, 4FQO, 5DKR, 5CSF, 4PE4, 5ER4, 5CSN, 5DKQ, 3CR4, 4PDZ,
31QQ, 3HCM, 5DKN, 4PE7, 3LKO, 3GK4, 4PEl, 4XYN, 5D7F, 5ERS.[174, 177, 353, 354,
355, 356, 357, 358, 359, 360, 361]

XRD-SBi5345/XRD-SBi5369: 2 unpublished XRD structure with experimentally designed
inhibitors SBi5345 and SBi5369 bound with C'a**-S100B.

For C'a?**-S100A1, no XRD holo structures with compound bound is reported in PDB, as
far as we know. However, there are two NMR structures with peptide bound with C'a®>*-S100A1:
2K2F, 2KBM.[362]

F.4 Docking setup

F4.1 Retrospective docking with Glide XP

Retrospective docking was investigated on two inhibitors, SBi5345 and SBi5369. We used
Ligprep to prepare the ligand inputs from SMILES files, Protein Preparation Wizard to prepare
the protein structures, and Glide XP docking to generate docking poses, in the Schrodinger Mae-
stro software[363].

For Glide XP docking, the inner and outer box sizes were set to 15 A and 35 A respectively,
with the center of each box defined as the centroid of the binding-site residues. Two binding-site
setups were used for statistical analysis: one broadly defined as the C-terminal half (residues
41-85, including the hinge region and the typical EF-hand) of the entire protein single chain, and
a more precisely defined binding site that includes all pocket residues involved in deriving the 53
local features. To soften the potential and reduce penalties for close contacts, a van der Waals
radii scaling factor of 0.50 was applied to both ligands and receptors. A maximum of 20 poses
per ligand was generated for each receptor box, and the resulting docking poses were compiled
for each structure set. The XRD structures of the C'a®T-S100B/inhibitor dimer are not perfectly
symmetric, resulting in two reference ligand binding poses per XRD structure. For each docking
pose, the ligand RMSD is calculated against both reference poses following C, alignment of
residues 41-85, with the lowest RMSD value reported.

Since ligand RMSD does not capture the atomic environment of proteins, it can remain low
even when protein sidechain rotamers are incorrect and protein-ligand interactions are disrupted.
To address this, we also computed Protein-Ligand Interaction Fingerprint (PLIF) bitstrings using
PyPLIF-Hippos[364]. According to its documentation, residues within 5 A of the holo-ligand
in the XRD structures were probed to generate the bitstrings. To compare docking poses with
reference XRD holo poses, we used the Tanimoto coefficient (Tc) and McConnaughey coefficient
(Mcc) as similarity metrics for the PLIF bitstrings. However, since PLIF bitstrings do not account
for the atomic environment of ligands, we determined that PLIF similarity coefficients provide
a meaningful assessment of binding pose similarity only for docking poses with sufficiently low
ligand RMSD (below 9 A in this case).
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F4.1.1 DOCK®6.11 docking setup

All structures used in the enrichment test shared nearly identical backbone conformations
and were aligned to chain A of the X-ray crystal structure of C'a>*-S100B/SBi5369 for reference.
The docking region was selected using SPHGEN provided by DOCK. All spheres within 5.5 A
of the known ligand were used and any spheres outside the known binding site were excluded
manually. The search volume for docking was constructed to be the box enclosing the selected
spheres with a small margin of 2.0 A using SHOWBOX, and the precomputed docking grid
was constructed using GRID with a grid spacing of 0.2 A. SPHGEN, SHOWBOX and GRID
programs are available at http://dock.compbio.ucsf.edu accompanying the standard DOCK 6.11
distribution. While the exact parameters are quite system-dependent this protocol for setup is
fairly standard[365].

F4.1.2 DOCK®6.11 pocket preparation

S100B crystallizes as a dimer, with both monomers potentially contributing to ligand bind-
ing. For all docking evaluations presented here, both potential binding sites were considered, and
the final docking score for each structure was computed as the average across the two sites. The
combined BEDROC profiles are then constructed by ranking ligands accordingly.

Additionally, in the crystal structure of SBi5369/Ca?"-S100B dimer, the FF-gate region was
not resolved in one of the chains, and corresponding pocket was excluded from the enrichment
analysis due to poor performance, as shown in Fig. F.15f.

FE.5 Detailed Docking and Enrichment Protocols

F.5.1 Docking validation

Retrospective docking with Glide XP[126, 127, 128] using the Schrodinger Maestro software[363]
and enrichment docking using DOCK 6.11[159, 160] were performed to evaluate the effective-
ness of the AF2-RAVE structure set for rigid docking. Details of the docking setups are provided
in the SI. Glide XP excels in reproducing ligand orientations and scoring accuracy; however,
its high computational cost limits its applicability for high-throughput virtual screening of large
compound libraries. In contrast, DOCK is specifically designed for efficient screening of ultra-
large ligand databases and is used for studying enrichment.

Three structural sets were compared across all docking experiments, including XRD: X-
ray holo structures of C'a®>"-S100B bound to newly designed C'a®>"-S100B inhibitors SBi5345
and SBi15369, with holo ligands removed; AF2: AlphaFold2 reference structure of S100B with
calcium ions added to EF-hands; AF2-RAVE: AF2-RAVE structure set generated from the C'a®"-
S100B native global basin. Since all structures are dimers, each was treated as two binding
pockets in the docking experiments.

F.5.1.1 Ligand library selection and preparation for enrichment testing

Experimental data identified approximately 85 ligands with measurable binding affinity to
S100B, which I considered as true inhibitors. However, many of these ligands are structurally
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similar, as determined by Tanimoto similarity[366] using 2048-bit fingerprints generated with
RDK:it[367]. To reduce redundancy, I selected a random subset of 10 ligands, with all pair-
wise similarities below 0.8. The similarity distributions before and after filtering are shown in
Fig. F.13. Although some similarity remains among the selected ligands, my primary objective
is to assess the quality and diversity of the protein structures. Any bias introduced by ligand
similarity is expected to affect all structures equally.

A) Bl@ "7 O g o
e ‘j\wf*,"r‘{/

Ligand library

(ZINC)

- : (500+
(Representative) Fluctuations capture
by AF2-RAVE protocol

Binders Non-binders
(7 of 10) (18 of 500)

Figure F.1: Pipeline for enrichment test using DOCK. Known inhibitors are diluted with a large set of
property-matched random molecules in a ratio > 50:1 (50 decoys per true inhibitor). A) AF2-RAVE
allows capturing key side-chain fluctuations needed for DOCK to make the required interactions. B)
Ligands from the ZINC database are used as decoys. C) 10 known inhibitors are used as true actives D)
DOCK is used to score these ligands to the same pocket from diverse conformations of each
representative structure E) This test evaluates how effectively DOCK scoring can distinguish true actives
from decoys for a given structure. The AF2-RAVE ensemble demonstrates strong performance, achieving
approximately 14-fold enrichment over random selection.

The objective of this analysis is to assess whether DOCK can effectively distinguish true
S100B inhibitors from decoy molecules, and to evaluate the advantage of structural diversity in
AF2-RAVE compared to using only AlphaFold2 or crystal structures. The molecular weights
of true actives have a range of 325-728 a.m.u., while ligands in ZINC database are typically
smaller (125450 a.m.u.). To account for this, I set a lower molecular mass threshold of 325
a.m.u.—corresponding to the smallest known actives—and divided the 325-425 a.m.u. range
into 10 bins. From each bin, 120 neutral ligands were selected. The final set of 596 decoys was
randomly sampled from this pool, resulting in a total of 606 ligands including known binders and
decoys. To reflect the hydrophobic nature of the pocket and the neutrality of the known actives,
all decoys were also chosen to be uncharged, giving me ligands with properties, including charges
and molecular weights, matched to true actives. Initial and final molecular weight distributions
are shown in Fig. F.14. All 606 ligands were then scored against each protein structure using
DOCK, and enrichment performance was evaluated.
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F.5.1.2 Enrichment factor calculation

The primary objective of docking in this context is early enrichment—that is, ranking true
actives before the decoys. In addition to direct enrichment plots, which show the number of
decoys encountered before each true active is identified, I also report the standard BEDROC
(Boltzmann-Enhanced Discrimination of the Receiver Operating Characteristic) profile[368].
BEDROC is defined as a normalized version of the Robust Initial Enhancement (RIE)[369] score:

_ RIE(a) — RIE(a) o,

BEDROC(a) = % TF (@)~ Bl Da(0) with RIE () ~ ;e

Here, the summation runs over all true actives, and r; represents the relative rank of the i-th
true active, defined as r; = R/N, where R is its absolute rank and N is the total number of
ligands. BEDROC emphasizes early enrichment by exponentially weighting ranks using a factor
«, which serves as a hyperparameter. Larger values of « place greater importance on identifying
true actives early in the ranked list. A commonly used and recommended value in the literature is
a = 20[368, 370]. I apply the BEDROC metric using the ranks of the known actives and report
the BEDROC score profile across varying values of a.

Supporting Figures
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Figure F.2: Structural quality assessment of (template) IMSA AF2 ensembles for SI00A1 (left) and
S100B (right) dimers. A) Backbone C, RMSD values of reduced MSA AF2 ensembles generated with
varying MSA depths, evaluated against the corresponding AF2 reference structure. B) Backbone C,,
RMSD values of template reduced MSA AF2 ensembles, using the corresponding AF2 reference
structure as a template. A 7 A RMSD filter (retaining structure below black dashed line) is applied. C)
Minimum distances for non-bonded heavy atom pairs in each structure from the template reduced MSA
AF2 ensembles. A 0.7 A cutoff (retaining structure above black dashed line) is applied to eliminate
structures with steric clashes. The x-axes correspond to the pLDDT ranking within each ensemble.
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Figure F.3: Structural variability in long MD along the full amino acid sequence of S100 proteins, using
a sliding window of 12 residues. The mean and variance of ).y values are represented by blue lines and
error bars, respectively. The horizontal red line indicates the cutoff threshold set at 0.9.
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Figure F.4: A) The four rigid a-helices within a single chain of the Ca?T-S100 dimer are shown in blue.
The terminal C,, atoms of each helix, used as anchors for global feature construction, are highlighted as
green spheres. Pairwise distances between these anchor atoms define the global features. Calcium ions
are omitted for visual clarity. B) Side chains of pocket residues are displayed as sticks, with their distal
atoms colored in green. Pocket features are defined by the pairwise distances between these distal atoms.
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Figure F.5: A-B) Distributions of distances between each oxygen atom in EF-hand residues and the
corresponding C'a?* ions from NMR structures of C'a?T-S100A1 (PDB: 1ZFS, subplot A) and
Ca?*-S100B (PDB: IMWN, subplot B). The N-terminal pseudo EF-hands are shown on the left and the
C-terminal typical EF-hands on the right of each panel. Those oxygen—Ca?* pairs with distance
distributions entirely below the black dashed lines (marking the 5 A threshold) were restrained in all the
MD simulations. C) The format of the restraint potential applied to selected oxygen—Ca?* pairs. D) The
distribution of the number of unstable oxygen-Ca?t coordinate bonds (defined as average distances >5
A, despite restrained by potential in subplot C.) across 25 unbiased MD trajectories (10 for
Ca?T-S100A1 and 15 for Ca®>T-S100B). Only trajectories with two or fewer unstable coordinate bonds
(to the left of the black dashed line) were retained for subsequent SPIB analysis.
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Figure F.6: Bar plots depict the linear weights assigned to each of the 28 global features in the learned
global SPIB coordinates, using a time lag of 25 ns on the Ca?*-S100B system. The right panel highlights
the dominant features, defined as those with weights exceeding half of the maximum, contributing to each
coordinate. The upper and lower panels correspond to 01G and 02G , respectively. The color and width of
the dashed lines reflect the sign and absolute magnitude of the weights in the learned linear combinations.
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S100A1 FES in Global SPIB Lspace
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Figure F.7: A) Projection of reduced MSA AF2 (rAF2) structures which fall into the two major basins
onto the global SPIB latent space, based on a free energy cutoff of 4 kJ/mol. B) The mean and variance of
IB values from unbiased MD trajectories used for subsequent local/pocket SPIB analysis within each
global basin. Left and right panels correspond to the Ca?T-S100B and C'a?T-S100A1 systems,
respectively. No reduced MSA AF2 structures fall into basin 1 of the Ca®*-S100A1 system, and only
one unbiased trajectory met the criteria for local SPIB analysis in that basin.
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Figure F.8: Bar plots showing the linear weights assigned to each of the 53 local features in the learned
local SPIB coordinates, on the Ca?>*-S100A1 native global basin (subplot A) and C'a®>T-S100B native
global basin (subplot B), using a time lag of 300 ps.
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Figure F.9: A—C) Projection of structures used and generated during the AF2RAVE structure set
generation pipeline on the local SPIB space corresponding to the native global basin of Ca?*-S100B: A)
MD frames used as templates for AF2-template (MD templates); B) the AF2-template structures (tAF2);
C) final AF2RAVE structures after short, restrained MD (rMD). D) Projection of all three structure sets
onto the global SPIB space for C'a®>T—S100B, illustrating that the global backbone configuration remains
consistent throughout the structure generation process.
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Figure F.10: A-B) Distribution of PLIF similarity coefficients, Tanimoto coefficient (Tc, left panel) and
McConnaughey coefficient (Mcc, right panel), for Glide XP docking poses of SBi5369/C'a**-S100B
(subplot A) and SBi5345/Ca*t—S100B (subplot B), using the corresponding X-ray holo structures as
references. C) SBi5345/C'a®>*~S100B docking poses with the highest Tc values from each structure
category. Docking poses (proteins in grey, ligands as grey sticks) are superimposed onto the
corresponding X-ray holo structures (proteins in cyan, ligands as green sticks) for comparison.
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Figure F.11: Ligand RMSD values are plotted against PLIF similarity coefficients, Tanimoto coefficient
(Tc, subplot A) and McConnaughey coefficient (Mcc, subplot B), for each Glide XP docking pose, using
the X-ray holo structures as reference. The left and right panels represent docking poses for
SBi5345/Ca**—S100B and SBi5369/Ca**—S100B, respectively. Docking poses that located in the upper
left region indicate accurate atomic environment modeling of both ligand placement and protein-ligand

interactions. AF2RAVE structures consistently outperform AF2 and perform comparably to experimental
XRD structures.
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Figure F.12: The AF2RAVE structure set used for the enrichment test. We noticed equilibration
trajectories without subsequent production runs in restrained MD provided slightly better coverage of the

five local/pocket basins within the native global basin of Ca?*—S100B. Consequently, this structure set
was selected for the enrichment analysis.
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Figure F.13: Average similarity between known ligands was found to be very high. The similarity
distribution (SD) of each ligand to its nearest neighbor in that sets is shown. (a) SD using all 87 ligands
known to bind to S100B (b) SD using 10 selected ligands that were as distinct to each-other as possible
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Figure F.14: The average size of ZINC ligands is much lower than our set of known binders. Molecular
weight distributions (in a.m.u) for (a) 2 million random ligands from ZINC database. The red line denotes
the lowest molecular weight of a known binder (325 a.m.u) (b) Selected "heavy” subset as decoys. All
decoys were selected to be heavier that the cut-off (red line in (a))
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Figure F.15: Enrichment diversity from individual pockets. The average profiles (thick green) used to
calculate enrichment are computed by first averaging the DOCK score from both pockets and then
ranking all ligands by this average score. Profile for the crystal structure is shown for reference in each
plot. (a-e) 5 basins as identified by local structure SPIB (f) 4 different pockets from 2 known crystal
structures. Pocket 1 was omitted from subsequent calculations as key residue (PHE 88) was not
modelled. The vertical dashed line is the value of & most commonly used in literature to compare these

profiles (higher is better).
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Figure F.16: Comparing enrichment profiles from AF2 structures with pLDDT rank 1 (AF2
recommended) and pLDDT rank 2 (used to improve variance). However, diversity comes at a cost of
poor structure quality as lower ranked AF2 structures show extremely poor enrichment. The dashed line
shows the recommended literature value of « to use for comparing these profiles (higher is better)
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Figure F.17: Comparing the enrichment profiles from each basin. Key for both is shown in the inset of
plot B. A) Direct enrichment profile showing number of true binders found when first K ligands are
taken. B) BEDROC profiles constructed by changing a.. Grey (bottom-most) represents Basin 0, which
provides the least enrichment. Basin 4 (green) closely followed by Basin 2 (Purple) perform the best. The
black profile is for the crystal structures (for reference) and the red profile is the vanilla AF2 structure.
The dashed line shows the recommended literature value of « to use for comparing these profiles (higher

is better)
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Figure F.18: A) X-ray structure of the SBi5345/C'a®>*—S100B complex (cyan, ligand hidden) and its
corresponding protein pocket after DOCK protein preparation (green). The GLUSO0 residue, which
exhibits two possible sidechain rotamer conformations in the X-ray structure, is highlighted with red
circles. The default DOCK preparation selected the outward-facing rotamer for docking. B) Top-ranked
compounds (magenta sticks) from the enrichment test using the DOCK-prepared X-ray structure of
SBi5345/C'a**—-S100B. Docking poses are aligned with the original X-ray structure (cyan). Ranking of
active inhibitors are labeled in green, while ranking of decoys are labeled in red. Several top-ranked
decoys exhibit potential steric clashes with the inward-facing GLUS50 conformation, indicating that
ambiguities in X-ray sidechain assignments allow these decoys to artificially achieve high docking scores,
thereby compromising enrichment performance. GLUS50 and neighboring residues are shown as sticks;
calcium ions are omitted for visual clarity.

236



DOCK results (BEDROC Scores)

0.9 :
0.81
0.71
g ’
O 06' I
o
wn |
O 0.5 i — AF2RAVE
. . = 5DKR
8 ! SBi5369
) : SBi5345
w 0.4 ' AF2
an i 4PE1
| 3LKO
0.3 E
i 4PEO
i 3HCM
0.2 1 i 4PDZ
i 4PE4
0.1 ; '. : : :
0 10 20 30 40 50

a value

Figure F.19: Variation in BEDROC scores seen by changing the crystal structures (each bound to a
different ligand). Each curve represents one crystal structures (score averaged from both pockets).
Structures that were monomeric, covalently modified, or bound to large molecules and peptides were
omitted from the plot. All curves are labelled at their bottom-right by the PDB ID of the crystal structure
used for docking. The black profile is for the crystal structures (for reference) and the red profile is the
vanilla AF2 structure. The dashed line shows the recommended literature value of « to use for comparing
these profiles (higher is better)
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Appendix G:  Supporting Information for Chapter 7

G.1 Methods

G.1.1 Molecular dynamics setup

All molecular dynamics simulations were performed using OpenMM [341]. Initial struc-
tures were prepared using PDBFixer to replace nonstandard residues and add missing atoms.
Before building the solvated system, the complex was oriented such that its principal axis was
aligned along the positive 2 direction, and its molecular center was placed at the origin. Hydro-
gen atoms were then added according to the AMBER99SB-ILDN protein force field [344], and
each system was solvated with TIP3P water [345] in a rectangular box of size 11 x 11 x 14 nm?.
Sodium and chloride ions were added to neutralize the system. Long-range electrostatic inter-
actions were treated using particle mesh Ewald [333], with a nonbonded cutoff of 1.2 nm and a
switching distance at 1.0 nm. Bonds involving hydrogen atoms were constrained, and dynamics
were propagated using the LangevinMiddlelntegrator with a 2 fs timestep at 300 K [346, 371].
During equilibration, positional restraints with a force constant of 10 kJ mol~' A~2 were ap-
plied to protein heavy atoms. The restrained system was equilibrated for 1 ns steps in the NVT
ensemble and then for 1 ns steps in the NPT ensemble at 1 bar. Pressure was controlled using
the Monte Carlo barostat implemented in OpenMM. After equilibration, the positional restraints
were removed before production or binding-pose metadynamics simulations.

G.1.2 Binding-pose metadynamics

Binding-pose metadynamics simulations were performed using PLUMED patched with
OpenMM [334, 372]. The biased collective variable was an interface RMSD calculated from
selected Ca atoms at the TCR-pMHC interface. The reference structure for this RMSD was gen-
erated from the equilibrated complex, using interface residues from the TCRa, TCR/3, peptide,
and MHC chains. Well-tempered metadynamics was performed by depositing Gaussian bias po-
tentials along the interface RMSD coordinate [64, 70]. The Gaussian height was 1.5 kJ mol !, the
Gaussian width was 0.1 A, the bias factor was 20, and bias was deposited every 250 steps(0.5 ps).
The metadynamics grid spanned 0-50 A with 1000 bins. The time-dependent reweighting con-
stant c¢(t) was calculated using the PLUMED reweighting estimator and used as the binding-pose
stability score.
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Figure G.1: Template usage case study. The x1-x2 conformational space of the peptide position-6
tryptophan residue is shown. Violet dots represent generated structures, and the red star denotes the
experimental structure.
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Figure G.2: Binding pose metadynamics results.
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Appendix H:  Supporting Information for Chapter 8

H.1 Synaptic Cleft Calculation

Measured and computed NALM6-CAR T-cell intermembrane distances from cryo-ET im-
ages are presented as follows. “Outer to Outer” refers to the distance between the outer plasma
membranes of the two cells, while “Inner to Inner” refers to the distance between the two inner
plasma membranes, including the phospholipid bilayer (Supplementary Fig. H.7a). The synaptic
cleft was determined as the distance between “Outer to Outer” together with the proteinaceous
layer (PL) of each plasma membrane.

We used the following calculations to build a dataframe of the mean and standard deviation
of the measured microscopy distances and to estimate the synaptic cleft distances. The lipid
bilayer was assumed to have a thickness of approximately 4 nm [373].

H € {8,15,47}, (H.1)
din_in : distance between inner membranes of the synapse, (H.2)
dout—out : distance between outer membranes of the synapse, (H.3)
t : estimated lipid bilayer thickness (4 nm), (H4)
avg (d_. —dHd

DMinean = Vg ( 1n71n2 outfout) 7 (HS)

std di}rgfin - d(I){l —ou
Psa = ( R ) : (H.6)

mean t

PL(pm) = = (H.7)

SynapticCleft? == q

mean out—out

+ 2PL(pm). (H.8)

To extract data from regions corresponding to the cSMAC of a synapse, we focused on
CAR-T/target-cell apposed membranes with high CAR accumulation, defined by higher fluores-
cence intensity (Supplementary Fig. H.7c—e). Since this calculation is based on sampling a small
set of regions from two-dimensional slices of a synapse, even in the presence of fluorescence, cer-
tain regions can behave as outliers (for instance, Supplementary Fig. H.7c R8 and Supplementary
Fig. H.7e R6). We therefore included only the regions that were observed with higher probability
in our analysis; that is, we removed outlier regions based on the interquartile range (IQR) defined
from the mean synaptic cleft values from each region (Supplementary Fig. H.8a,b).
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H.2 Modelling Methods

The in silico modeling of the hinges for our CAR-BOOST method was adapted from
the AF2RAVE family of methods that comprise both bioinformatic and biophysical approaches
[1,94, 167, 184]. At the core of this framework is RAVE (Reweighted Autoencoded Variational
Bayes for Enhanced Sampling), an Al-augmented molecular dynamics (MD) scheme to itera-
tively reweight and produce accurate probability distributions along any chosen low-dimensional
coordinate [374]. In combination with AF2, AF2RAVE generates an ensemble of protein struc-
tures weighted by their thermodynamic stability, as represented through Boltzmann weights, of-
fering a more realistic view of protein flexibility and function than a static picture from AF2 [94].
In our past works, we have demonstrated the performance of AF2RAVE on disordered regions
and its ability to overcome the MSA bias from AF2 [94, 114]. These results led us to use the
AF2RAVE protocol for the CAR CD8a-derived disordered hinge region. To obtain an ensemble
of possible structures, we used AF2 [1] and AF-multimer [184] from ColabFold [11]. These were
used for structural ensemble generation of CAR CD8«-derived hinges, ordered domains of the
TCR IS, Ig domains of the target receptors, and the scFv domain of CAR. We modified Colab-
Fold to implement the reduced MSA approach (rMSA AF2) [91] and to add a post hoc geometry
filter to account for a membrane plane. While such an approach can generate an ensemble of
structures, it is not clear which of the structures are biophysically meaningful. To solve this, we
used enhanced sampling, specifically well-tempered metadynamics, to reweight the 2.9, distance
distribution [64]. The final synaptic cleft calculations for a CAR against a specific receptor and
the complementary synapse cSMAC proteins were determined under an independent distribution
assumption. This assumption allows us to significantly reduce the needed computational power
and transfer the CAR CD8a-derived hinge distribution to other target receptors, thus avoiding
additional simulation runs.

H.2.1 rMSA AF2/AF-multimer

Reduced Multiple Sequence Alignment AlphaFold2 (rtMSA AF2) is a variant of AlphaFold2
(AF2) where the amount of coevolutionary information that goes into the AF2 network for a given
protein sequence is reduced [91]. This modification allows AF2 to generate conformationally di-
verse structures. Modified ColabFold was used to generate all the structures/ensembles in this
chapter with additional templates if required. The MSA parameter information, the number of
samples generated, and the usage of templates are all shown in the respective tables in the Sup-
porting Information (Supplementary Fig. H.3b, Supplementary Fig. H.4a, and Supplementary
Fig. H.9a). For CAR hinges and disordered linker regions of the target protein, MSA parameters
of 8:16 and 16:32, respectively, were used, with each setting generating 640 structures.

We added an additional post hoc geometry filter that calculates a plane based on the alpha
helix of the transmembrane domain to incorporate information about the membrane plane into
the distribution (Supplementary Fig. H.3g). Since AF2 is trained to predict a global structure,
most disordered regions predicted by AF2 represent structures with a lower radius of gyration.
When a disordered-region sequence contains two cysteines, AF2, regardless of the MSA depth,
places these cysteines together, thus skewing the distribution. To address this AF2 bias, we mu-
tated the membrane-distal cysteine in the CD8«a-derived hinges to its sterically equivalent serine
(Supplementary Fig. H.5b—d). We then used the resulting conformations to design our biasing
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coordinate for well-tempered metadynamics. This is justified because the membrane-proximal
cysteine is present in a sterically improbable position for a disulfide bond, and experiments have
shown that these cysteines are possibly involved in the formation of an interprotein disulfide bond
rather than an intradisulfide bond [375].

H.2.2 Molecular dynamics

Structures obtained from rMSA AF2 without the cysteine mutation were clustered by
uniformly binning them in 2., space. Structures from different bin centers were randomly
sampled and placed in a POPC bilayer membrane using the CHARMM-GUI web tool [350,
351, 376]. We used the OpenMM Python package [341] to perform MD simulations under the
CHARMM36m force field [349]. LangevinMiddlelntegrator was used as the simulation integra-
tor; it uses a BAOAB-type approach and handles the temperature [346, 371]. Equilibration runs
were performed for 300 ps under the Constant Volume method of MonteCarloMembraneBarostat
in OpenMM with restraints on the head groups of POPC and the heavy atoms of the protein chain.
Further rounds of equilibration were performed under the Z Free method of the barostat with dif-
ferent scales of the restraints until they were completely removed. In each case, an equilibration
run of 300 ps was performed. Overall, equilibration steps accounted for approximately 1.5 ns
of simulation time. The production run was performed under the well-tempered metadynamics
scheme at different simulation times for different CAR hinges. The time series and other details
can be found in Supplementary Fig. H.6b—k and Supplementary Fig. H.10a,d.

H.2.3 Enhanced sampling

CD8a-derived hinges are intrinsically disordered regions, making it challenging to sam-
ple all possible conformations with their corresponding thermodynamic weights [377]. To this
end, we used well-tempered metadynamics to overcome the sampling problem [64, 70]. Well-
tempered metadynamics (WT-metaD) is a class of enhanced sampling that deposits history-
dependent penalties to discourage the system from visiting previously visited states. WT-metaD
incorporates history-dependent penalties as Gaussian weights in the potential energy of the sys-
tem. This scheme requires a biasing coordinate along which the Gaussian weights can be de-
posited. To obtain meaningful sampling from WT-metaD, the biasing coordinate must effectively
represent the mechanism that is being studied. While z., is an intuitive coordinate for this pur-
pose, depositing bias directly along a distance coordinate can create artifacts. We therefore used a
nonlinear function of the z.9. distance, specifically a sigmoid function (Supplementary Fig. H.6a).
We parametrized the sigmoid function from the IMSA AF2 conformations. We performed a linear
regression on the maximum z.». values of the rMSA AF2 output for different CAR hinges. This
regression provided a guess for where the hinge N-terminal endpoint is most likely present in 2o,
space (Supplementary Fig. H.6a). Thus, we centered our sigmoid for a CAR with a specific num-
ber of hinge residues around its respective linear regression output with an offset. The sigmoid
slope was chosen so that the linear phase of the sigmoid starts at the membrane in z., space
(Supplementary Fig. H.6a). The parameters used for the sigmoid are given in Supplementary
Fig. H.6a. Further, we defined lower walls at 1.5 nm from the membrane to avoid collapse of the
hinge domain onto the membrane. We used the open-source, community-developed PLUMED
package [334], version 2.7.3 [372], patched with OpenMM to perform WT-metaD. The initial
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height of the Gaussian weight was 1.5 kJ mol~!. The Gaussian weight was deposited every 5
ps. This procedure allowed us to enhance the sampling, as seen from the transitions between
extended and collapsed states in the time series presented in Supplementary Fig. H.6b-1 and
Supplementary Fig. H.10a,d.

H.2.4 Defining lower and upper bounds

For the lower-bound calculation, we used AF-multimer to generate multiple conformations
of the protein pairs present in the synapse. We removed sequences corresponding to the disor-
dered extracellular or hinge regions of the cSMAC protein pairs. We verified whether the binding
poses of these complexes are similar to those in the Protein Data Bank. Notably, CD28 exhibited
a longer hinge region than CD2 and the TCR, resulting in 2.9, distributions positioned near or
below 10 nm. Consequently, the lower bound was calculated using z.9, values from CD2-CD58
and TCR-MHC complexes. The mean value across these distributions was approximately 12.5
nm.

For the upper-bound calculation, we employed rtMSA AF2 to analyze the CD45RO se-
quence. Using our geometry filter, we calculated the z.o. distribution for the structured D1-D4
domains, yielding an approximated average value of 14.5 nm. Additional sampling from molec-
ular dynamics on these systems can yield more robust upper and lower bounds. However, given
the presence of these complexes in AF2’s training set, additional simulations in this case would
probably contribute changes on a 0.1 nm scale. Thus, to verify the bounds in an alternative ap-
proach, we directly computed the synapse distribution of these complexes rather than performing
additional simulations. These two calculations enabled us to assess whether the complexes reside
within the defined upper and lower limits.

H.2.5 TCR IS calculation using the CAR-BOOST approach

The z.. distance distributions for the TCR-pMHC complex within the immunological
synapse were calculated using the algorithm described in Fig. 8.3c. We used rMSA AF2 as the
distribution generator and calculated z.». distances for each receptor, as shown in Supplementary
Fig. H.4. For the TCR beta chain, we used the OPM server to calculate the orientation of the
transmembrane helix, thereby reorienting the normal to the membrane plane [378]. In cases of
multiple binding partners, such as the TCR alpha and beta chains interacting with the MHC class
I alpha chain, the synapse probability was averaged across the pairwise interactions. Addition-
ally, the mean z.. distribution from all the synapse protein pairs was determined by averaging
the probability in each bin, as illustrated in Supplementary Fig. H.4b.

H.2.6 Free energy calculation

The free energy was calculated by reweighting the enhanced MD sampled distribution us-
ing the reweighting procedure presented by Tiwary et al. [6]. The bias corresponding to samples
where the N-terminal endpoint of the CAR hinge was interacting with the membrane was ne-
glected to avoid bias from such states. The free energy calculated by this procedure is shown
in Supplementary Fig. H.6b—j. The kernel density estimator parameters used for the free energy
calculations are presented in Supplementary Fig. H.9c.
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H.2.7 Intermembrane distance and synaptic cleft calculation

The probability distribution P.car (z), where 2“4 is the membrane-perpendicular zgp, dis-

tance, was calculated using the AF2RAVE protocol shown in Fig. 8.3e. The target protein’s
P,rarger (z) was calculated by obtaining the zo. distribution for the disordered linker region us-
ing rIMSA AF2 and adding an offset from the ordered target domain (Supplementary Fig. H.9b).
Similarly, the scFv domain offset is added to P,car(2) (Supplementary Fig. H.9b). Finally, by as-
suming that these two distributions are independent, we can calculate the intermembrane distance
distribution P, (2), where 2™ = yCAR 4 yTareet 'y convolving them as follows:

PZIM (Z) = / PZCAR(Z/)PZTarget (Z, - Z) dz'. (H9)

[e.e]

H.2.8 ¢ value calculation

To obtain an ensemble parameter that quantifies the overlap of the synaptic cleft probability
with the functional synapse gap, we performed the following calculations. The probability of
a state s; is related to the free energy via P(s;) ~ e %0, where f3 is inversely related to
temperature scaled by the Boltzmann constant (kg). This implies that the relative probability of

two states, in this case two regions in the synaptic cleft, is related to their free energy difference
(AG) as follows:

1 J4 P(2)d=
A = ——In|2—2—]. H.1
Go,5s 3 n <f01 PC) dz) (H.10)
Thus, the ¢ values are calculated as
¢ =B [AGo, s + AGo,s] - (H.11)

H.2.9 Error calculation for the ¢ values

The error calculation for the ¢ values was performed using the following error propagation

formula:
APy \? APy \ 2 AP\ ?
Aqb:i\/(_Ol) +<_02) +4(_—S) . (H.12)
Po, Po, Pg

The individual relative uncertainties were calculated using the standard error from the simulation
replicas with respect to their average (Po,, Po,, and Pg). The coefficient of 4 in the case of
region S is due to the double counting of Pgs in the ¢ value.
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Figure H.1: Cell surface expression and functional evaluation of modular CD19 CAR constructs.
a, CD19 CARs were designed with different hinge (28H or 8H), transmembrane (28T or 8T), and costim-
ulatory (28 or BB) domains, and their expression on the cell surface of transduced T-cells was evaluated
using an anti-Whitlow linker antibody. Representative flow plots (n = 4 independent donors), percent-
ages of CAR™ T-cells, and modal fluorescence intensities (FIs) of CAR™" T-cells are shown. b, Flow
cytometry plots of T-cells transduced with CD19 CAR constructs harboring a CD28 hinge domain (28H)
combined with a CD8« transmembrane domain (8T, representative of n = 4 individual T-cell donors).
¢, IUPred3 Disorder Profiles for the CD8« (top) and CD28 (bottom) CAR hinges combined with their
transmembrane domains. d, Predicted structures for the tisa-cel-like (blue) and axi-cel-like (orange-red)
CAR constructs, using AlphaFold 2 (AF2). Structures were aligned according to their identical scFv do-
mains. e, Schematic of a portion of the CD19 CAR expression plasmid, incorporating sequences coding
for a truncated EGFR (tEGFR) downstream of the T2A peptide (top), and expression of the two expressed
proteins on a transduced cell (bottom). f, Representative flow cytometry plots of CAR (top) and tEGFR
(bottom) surface staining on T-cells transduced with CD19 CARs harboring CD8« N-terminal truncated
and extended hinges using anti-Whitlow linker (CAR) and anti-EGFR antibodies, respectively. g, Line
plot showing the percentage of binding between T-cells transduced with the indicated CD19 CAR and
CD19"8" NALM6 leukemia cells (~ 7 x 10* CD19 molecules/cell) as a function of applied force, mea-
sured using the Lumicks zMovi® microfluidics platform (n = 3 — 4 individual donors). Scatter plot
showing CAR surface expression (modal fluorescence intensity) in relation to the cell-to-cell binding area
under the curve (AUC), pooled across n = 3 — 4 individual donors. The coefficient of determination, R2,
from a linear regression fit to the log-transformed data is shown. h, Scatter plot of CAR binding AUC
on CD19"eh NALM6 leukemia cells (~ 7 x 10* CD19 molecules/cell) as a function of the number of
residues in the CD8« hinge. R? from a weighted linear regression of binding AUC versus hinge length
is shown; the y-axis is log-scaled for visualization (n = 3 — 4 individual donors). i, Scatter plot showing
max-scaled cytotoxicity as a function of CAR binding AUC on matched CD19!°" NALM6 leukemia cells
(~ 1 x 103 CD19 molecules/cell; n = 3 — 4 individual donors). AA#, number of residues.
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Figure H.2: Cell surface expression and functional evaluation of hinge-modified CD19 CAR T-cells.
a, Distribution of CD19 surface expression across a set of NALMG6 clones[213], measured by anti-CD19
antibody staining. Representative flow cytometry plots are shown. b, Schematic representation of the
IMMUNOTtron robotic platform for the kinetic evaluation of cytokine secretion[224]. ¢, Dose-response
curves as a function of CD19 antigen density showing functional outputs (cytokine secretion, chemokine
secretion, or cytotoxicity) of tisa-cel-like CAR T-cells co-cultured with NALMS6 clones. d, Z-factor val-
ues for all functional outputs, calculated using the indicated equation (top). Quantification of assayed
parameters in tisa-cel-like CAR T-cells (panel c) demonstrates that IL-2 exhibits the highest Z factor (i.e.,
best dynamic range). e, IFN+vy dose-response curves for the indicated CD19 CAR T-cells following 24
h co-culture with leukemic cells expressing graded levels of CD19, as indicated in the legend (n = 4
individual donors, left). ECsg values derived from these curves are plotted as a function of CD8a CAR
hinge length (number of residues; right). Error bars represent the standard error of EC5 values calculated
for each donor (right). f, Normalized tumor cell counts following co-culture of CD19 CAR T-cells bear-
ing CD8« hinges of varying length with NALMS6 cells expressing ~ 1 x 10% CD19 molecules per cell
(n = 2—4 individual donors). g, Line plot showing average in vivo tumor radiance over time in individual
mice treated with the indicated CD19 CAR T-cells. The arrow denotes the time of CAR T-cell infusion
(day +4). h, Kaplan-Meier survival curves for NSG mice engrafted with the GFP™ Luciferase"NALM6
clone expressing ~ 6 x 102 CD19 molecules per cell and treated with the indicated CAR T-cells derived
from two independent donors. i, IL-2 production by CD19 CAR T-cells bearing CD8« hinges of varying
length following co-culture with NALMG6 leukemic cells expressing ~ 1 x 103 CD19 molecules per cell
(n = 4 individual donors; left) or CD19-expressing SK23-mel-NYESO10OE melanoma cells (~ 6 x 103
CD19 molecules/cell; n = 2 individual donors; right). The dashed line indicates IL-2 production by
untransduced T-cells. AA#, number of residues.
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Figure H.3: Defining lower and upper geometric bounds of a functional immunological synapse.
a, UniProt identifiers and domain segmentation for proteins present at the immune synapse are presented.
b, Overview of the computational methods used to generate structural models. c¢—e, Structural predictions
for TCR-MHC class I/II, CD2-CD58, and CD28-CD8O0 interaction pairs and their alignments with PDB
8ES8, PDB 7T2C, PDB 1AQ9, and PDB 1I8L (CD80 bound to CTLA-4), respectively, are shown in
grey. The highest-ranked structures from the methods in Fig. H.3b are used here for visualization. f;,
Distributions of the end-to-end distances (ze2¢) for the ordered domains of CD2-CD58, CD28-CD80/86,
and TCR-MHC class I and class II complexes. The black line denotes the lower geometric bound applied
in this study (ze2e = 12.5 nm).
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Figure H.3: Defining lower and upper geometric bounds of a functional immunological synapse.
g, Geometric filtering strategy used for CD45 end-to-end distance calculations. The membrane normal
vector is inferred from hydrogen bond patterns within the transmembrane a-helix, defining a boundary
that excludes unphysical conformations arising from the absence of an explicit membrane in AF2 and
enabling accurate calculation of the ze0. distance. h, Structural model of CD45RO and definition of the
CD45[D1-D4] domains. i, Structure of the large CD11a-CD54 (LFA-1/ICAM-1) protein complex, which
is spatially segregated to the peripheral supramolecular activation cluster (pPSMAC), outside the central
synapse (cSMAC). j, Distributions of ze2. distances for the ordered domains of CD45RO, CD45[D1-D4],
and CD11a-CD54 complexes. The black line denotes the upper bound applied in this study (ze2e <
14.5 nm), and the red line denotes the lower bound (ze2e > 12.5 nm). Together, these bounds define
the geometric constraints used to filter for structurally compatible protein complexes within a functional
immunological synapse.
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Figure H.4: Validation of fluctuation independence and synaptic bounds definitions using
CAR-BOOST-like modeling of the canonical T-cell synapse.

a, Predicted distributions of synaptic z-distance for individual proteins included in the immunological
synapse, assuming statistical independence of fluctuations across constituent domains. Tables show the
methods used to generate distributions for each corresponding protein complex. For TCR-MHC I and
TCR-MHC II complexes, plots illustrate how the computational model (Fig. 8.3¢c) accommodates multi-
chain assemblies. The model incorporates the geometric filter defined in Fig. H.3g for the calculation of
end-to-end (ze2.) distance density distributions.b, Left: The orientation of the TCR complex is determined
using the OPM server on PDB 6JXR[378]. The TCR S chain forms a # angle with respect to the normal
of the membrane plane. Thus, assuming the transmembrane helical axis is perpendicular to the membrane
plane may lead to an overestimation of ze0.. Right: Distribution of intermembrane distances. The top
plot illustrates the effect of overestimation, which is corrected in the bottom plot. ¢, Density plot of the
averaged z-distance distributions across all synapse-included proteins, providing qualitative validation of
the lower and upper synaptic cleft distance bounds applied in this study.
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Figure H.5: Reduced-MSA AF2 performance on CD8«-derived hinge sequences.

a, CD8a-derived hinge sequences used in this study, together with the corresponding methods used to
generate their conformational distributions, are shown. SG-based linker regions are indicated in bold. b,
The incorporation of chemical bias on AF2 model outputs was evaluated as a function of point mutations.
¢, Schematic illustrating the structural effects of chemical bias (point mutation) on AF2 model outputs is
shown. d, [llustration of AF2 bias toward disulfide bond formation within intrinsically disordered protein
regions is shown. Application of chemical bias results in a shift in the predicted distance distribution
(blue). The panel also defines the reweighting strategy used to account for chemical bias. The model
incorporated the geometric filter defined in Fig. H.3g for calculation of the end-to-end (ze2.) distance
density distributions.
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Figure H.6: AlphaFold2-RAVE as a distribution generator for CD8«-derived hinge sequences.

a, Schematic representation of the simulation box, including definition of the biasing coordinate, s(z),
used for well-tempered metadynamics simulations. The table (right) lists simulation parameters for each
CD8a-derived hinge. b-k, Enhanced sampling time series and corresponding free-energy profiles calcu-
lated from all replicates of 8H15, 8H27, 8H33, 8H40, 8H47, 8H51, 8H56, 8H61, 8H76, and 8H91 hinge
variants. Time series traces demonstrate reversible transitions between extended and collapsed conforma-
tions, reflected as back-and-forth motion in end-to-end (ze2.) distance. 1, Summary table assessing the
quality of well-tempered metadynamics simulations, including total simulation time, average number of
transitions between extended and collapsed conformations per simulation run, and the number of trajecto-
ries exhibiting more than two such transitions.
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Figure H.7: Correlated fluorescence light microscopy and cryo-ET images of CAR T-cell synapses.
a, Schematic illustration of the phospholipid bilayers and proteinaceous content at the interface between a
T-cell and a tumor cell. b, Region from a reconstructed cryo-ET tomographic slice showing microtubules
within a CAR T-cell expressing an 8H8 CD19 CAR construct. Distances were measured across the mi-
crotubule (MT) diameter, as indicated by pink lines (scale bar, 20 nm, lower left). Quantification of MT
diameter measurements in T-cells expressing 8H8, 8H15, and 8H47 CD19 CAR constructs is shown; av-
eraged values are represented by black lines. ¢, Top: Overlay of integrated fluorescence light microscope
(AiFLM) and cryo-ET images of a T-cell expressing a CAR with an 8H8 hinge in close proximity to a
CD19" NALMSG6 leukemic cell (red circles). Bottom: Corresponding regions from which intermembrane
distances were sampled (red circles). d, Left: Overlay of iFLM and cryo-ET images of a T-cell express-
ing a CAR with an 8H15 hinge in close proximity to a CD19" NALMG6 leukemic cell (large red circle).
Right: Regions from which intermembrane distances were sampled (small red circles). e, Top: Overlay
of iFLM and cryo-ET images of a T-cell expressing a CAR with an 8H47 hinge in close proximity to a
CD19" NALMS6 leukemic cell (red circles). Bottom: Regions used for intermembrane distance sampling
(red circles).
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Figure H.8: Synaptic cleft distance calculation from cryo-ET images.

a, Kernel density estimation (KDE) performed on each sampled region shown in Fig. H.7. The presence
of a lower peak at a distance of 8.5 nm (Fig. H.7c, R1 and R2) was observed exclusively for the 8H8 CAR,
but not for the 8H15 or 8H47 CARs, suggesting additional kinetic segregation of costimulatory proteins
in the context of an extremely short linker. These data highlight the requirement for a linker length that
permits synaptic cleft dimensions that exceed the lower geometric bound necessary for CAR activation. b,
Interquartile range (IQR) plots of mean synaptic cleft distances for each sampled region, used to identify
and exclude outlier regions. ¢, Synaptic cleft distance calculations were performed on regions retained after
IQR filtering in panel b. d, Summary table reporting outer-to-outer and inner-to-inner membrane distances
(mean = standard deviation), as defined in the Methods, for each CAR construct (left). Corresponding
Kullback-Leibler divergence values comparing distance distributions are shown (right).
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Figure H.9: Target protein modeling using CAR-BOOST.

a, Descriptions of the modeling strategies used for structure and ensemble generation of the CD33, CD19,
CD22, and CD20 target antigens. CD33 and CD19 were modeled using the same CAR-BOOST strategy
described in Fig. H.4 and main-text Fig. 8.3c, as both proteins contain a disordered hinge-like region cou-
pled to an ordered Ig domain targeted by the corresponding scFv. For CD22, the three membrane-proximal
ordered domains (D5-D7) were generated using reduced-MSA AF2 (rtMSA-AF2) due to the absence of
an intrinsically disordered region. The model includes the first six residues of the transmembrane region
to enable calculation of the normal to the membrane. Ten representative structures were randomly se-
lected from a total of 640 generated models for visualization. For CD20, where the CAR scFv targets
the membrane-proximal extracellular loop, AF-multimer was used to calculate scFv-target spatial offsets.
The red line indicates the membrane plane. b, Table listing the final offset values contributed by the or-
dered domains of each target antigen and the corresponding scFv domain. ¢, Table listing the bandwidth
parameters used in CAR-BOOST for KDE in free-energy calculations.
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Figure H.10: Modeling non-CD8«-derived hinges for CAR targeting CD19.

a, Enhanced sampling time series and corresponding free-energy profiles calculated from all replicates
of the 28H42 hinge variant. Time series traces demonstrate reversible transitions between extended and
collapsed conformations, reflected as back-and-forth motion in end-to-end (ze2¢) distance. b, Sequence and
structure comparison of two hinges (IgG4H15 and CD8H15) that contain the same number of residues with
different amino acid composition. ¢, IL-2 production by T-cells transduced with CD19 CAR constructs
harboring 15-residue CD8« (8H15) or IgG4 (IgG4H15) domains following co-culture with NALMG6 cells
(~ 1 x 10% CD19 molecules/cell). Mean IL-2 levels are presented (n = 5 individual donors for IgG4H15
and n = 6 individual donors for 8H15). d, Enhanced sampling time series and corresponding free-energy
profiles calculated from all replicates of the IgG4 hinge variant. e, Density plots of the synaptic cleft
formed by the CD19:CD19 CAR complex. f, The ¢ values calculated for the CARs targeting CD19-
expressing tumor cells. A set of seven distinct hinge variants derived from CD8«, CD28, and IgG4 was
used to construct the CARs described above. The ¢ values agree with the CAR T-cell response reported in
Fig. 8.2¢,h and in panel c.
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Appendix I:  Supporting Information for Chapter 9

[.1 Ensemble generating methods

I.1.1 Machine-learned Protein Structural Ensemble Generation

Here are the details of the methods used to generate structural ensembles from all the
machine learning methods I utilize.

AlphaFold2[1, 11]: AlphaFold2 structures are generated at the specified MSA depth using
LocalColabFold (https://github.com/YoshitakaMo/localcolabfold). For each
sequence, | use three recycles, 64 seeds, and dropout. I raster the MSA from 8:16 until 512:1024
(“full MSA”) on a base-2 logarithmic scale. The structures are ranked using the pLDDT score.
The input script I use to generate AF2 structures is given in the GitHub repository affiliated with
this manuscript.

AF-Cluster[95]: Structures are generated using the Colab notebook present in the GitHub
repository (https://github.com/HWaymentSteele/AF_Cluster) with the appropri-
ate HIV-1 protease sequence inserted instead. I use the mmseqs2 method to generate the MSA
with pair_mode set to unpaired_paired. I set the number of copies equal to 1; I specify that the
minimum number of samples in a cluster is 10; and I do not use any templates.

DiG[272]: I use the default parameters specified in the original manuscript and on the
project’s GitHub repository (https://github.com/microsoft/Graphormer/blob/
main/distributional_graphormer/protein/run_inference.py), except that
I change the input files to 1) a Python pickle file containing the full MSA and 2) the FASTA
file containing the HIV-1 protease sequence of interest. As with AlphaFold2, I specify that DiG
output 320 structures during the inference step.

BioEmu[244]: I run BioEmu with the default parameters specified in its GitHub repository
(https://github.com/microsoft/bioemu), except I demand it generate 320 struc-
tures in the inferred ensemble. This number of structures is the upper bound for the number in
the final ensemble, as BioEmu then proceeds to pass the structures through a filtering procedure
removing physically unallowable configurations from the output.

The six HIV-1 protease sequences are taken from the following PDB identifiers: 3TTP[292],
2PCO0[293], 1Q9P[379], IEBW|[380], 424X [294], and 6P9A[295]. I choose to simulate the HIV-
1 protease monomer because 1) it is one of the test systems in Ref. [262] and 2) it is prone to
variant selection due to resistance mutations, which also have notable effects on protease’s struc-
ture and dynamics.[289, 296, 381, 382, 383, 384] While functionally active only in the dimerized
form, I believe that studying the monomer in isolation can still yields insights regarding the pro-
tease’s functional behavior.

MD simulations of the dimers were run using the same protocol as the monomer simula-
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tions. The starting structure for the WT dimer is PDB ID: 1HHP[300] and PDB ID: 3UF3[301]

for the mutant. To generate AF2 equivalent structures of the dimers, I utilize AlphaFold-multimer
(AFmultimer)[184]. I use the ColabFold implementation (https://github.com/sokrypton/
ColabFold).

I.1.2  Generating Ground-Truth Conformational Ensembles Using Atomistic Molec-
ular Dynamics

To generate a reference conformational ensemble encoding dynamics of each HIV-1 pro-
tease variant, I perform atomistic, explicit solvent, classical MD simulations using the OpenMM
package[341] with the amber99sb-ildn[344] and the TIP3P water model.[345] Each simulation
is started using the AF2 structure with the highest predicted confidence. The protein is solvated,
ionized until neutrality, equilibrated for 300 ps in the NVT ensemble with position restraints,
300 ps in the NPT ensemble with position restraints, and 300 ps in the NPT ensemble with-
out position restraints; all the equilibration steps are performed at a temperature of 300 K. Fi-
nally, a one microsecond production run in the NPT ensemble is performed at 300 K, which is
then analyzed, including the calculation of ACFs. For the analysis at 10 and 100 ns, the first
10 and 100 ns of the simulation are extracted and analyzed, respectively. For all MD simula-
tion runs, I use the Langevin integrator. The temperature is controlled using a Noseé-Hoover
thermostat[385, 386] in all cases and, for the NPT simulations, the pressure is controlled using
the Parinello-Rahman barostat.[387] Detailed scripts for reproducing the OpenMM simulations,
including the energy minimization and equilibration steps, are given in the GitHub repository for
this manuscript (https://github.com/erb24/af2-dynamics).

[.2 Relaxation Timescales as a Function of Sequence

Figure 1.1 is the corollary to Figure 2 in the main text, where the timescales for each of the
six sequences examined are plotted as a function of MSA depth input to AlphaFold2. In Figure
I.1, I plot the timescales at four MSA depths (depths of 8, 16, 64, and 512) for each sequence
separately. Plotting the timescales in this manner, it is clear how, independent of sequence,
reducing the MSA depth almost universally increases the relaxation timescale of a given residue.
Of course, the detailed behavior of the timescales remains a function of both primary sequence
and MSA depth. As a comparison, I plot in Figure 1.2 the integrated relaxation timescales for
each sequence at different MD simulation lengths: 10, 100, and 1000 ns. I see no significant
timescale separation as a function of sequence for any of the three simulation lengths probed. As
with the MSA depth, the only consistent trend I see is that, on average, the integrated relaxation
timescale increases with an increase in simulation length.

[.3  Increasing the Number of Samples Has Little Effect in Predicted Timescales

In this work, I show that changes in MSA depth alter the timescales of the samples. Here,
I study the relationship between the number of samples and relaxation timescales. To this end, I
examine the sequences for 4Z4X and 2PCO0. I generated 5000 (5k), 1000 (1k), and 640 samples
using the ColabFold implementation of AlphaFold2 at an MSA depth of 8. First, to evaluate the
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Figure I.1: Timescales at each MSA depth studied in the main text as a function of sequence. Each
subpanel is labeled according to the sequence whose timescales it describes.
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Figure 1.2: Integrated relaxation timescales for each of the six HIV-1 protease variants examined in the
main text as function of MD simulation length. Specifically, I probe the relaxation timescales at lengths
of a) 10 ns, b) 100 ns, and c¢) 1000 ns.

275



Q
(o

£ £
5 474X G 2PCO
€ § 0.5 - € § 0.5
a) — u) —
& l =5 .
o (@)
> 0.0 > 0.0
< 5k 1k 640 < 5k 1k 640
# Samples # Samples
—— sample:5k —— sample:640 —— sample:5k —— sample:640
—— sample:1k sample:320 —— sample:1k sample:320
10 4 10 4
%) " teed ”~ 0]
o \ /™, . P N o s \
- y Y \\a{(l\-.\# . WX’WW
- '“v\v v s |
% 103 % 103 4
(o (o
474X 2PCO
101 T T T T 101 T T T T
1 25 49 73 97 1 25 49 73 97
# Residues # Residues

Figure 1.3: Change in the information contained by the ensemble as the number of samples increases. a)
(Top) shows the change in von Neumann entropy in the mean-centered covariance matrix calculated for
5000(5k), 1000(1k), and 640 samples generated independently for the sequence of 474X PDB. The
change is calculated with the covariance matrix calculated for 320 samples as reference. (Bottom)
Displays the backbone relaxation timescales calculated using LE4PD. b) shows the result for the
sequence belonging to 2PCO PDB.

quality of the ensemble and its effect on the ensemble’s mean-centered covariance matrix, I used
the von Neumann entropy of the matrix. The von Neumann entropy is defined as[388]

Sy = —Xieilog(e;),

where e; is the sorted and normalized eigenvalue of the covariance matrix. Intuitively, this quan-
tity suggests the distribution of eigenvalues, i.e., the separation of timescales. As per the construct
of the entropy equation, the s, is maximum when the eigenvalue distribution or spectrum is dif-
fuse, i.e., when there are more states. Thus, increasing the number of samples should increase
s, if more information is being added. I see a similar trend in the top panel of Figure 1.3a and
b. In the top panel of Figure 1.3a and b, I plotted the difference between the s, at the mentioned
sample size and s, at 320 sample size that is being used in this work. While there is some trend
seen in the case of 2PCO0, overall the change is minimal.

To further analyze this effect, I applied my protocol to these samples to calculate the alpha-
carbon relaxation timescales. The bottom panel of Figure 1.3 qualitatively shows that indeed the
order of change in timescale by increasing the number of samples is very minimal. Specifically,
compared with the order of change when reducing the MSA information, it is clear that the em-
pirically chosen sample size of 320 contains the required information for this study. However,
looking forward, one has to consider more samples, or adaptive MD samples, from a representa-
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tive set of these structures to apply this method to larger, more complicated systems.

[.4 LEA4PD Analysis for the Slow Modes of Each HIV-1 Protease Monomer
Variant

In Figure 1.4 I show the local mode lengthscale (LML) or the projection of the root-mean-
squared fluctuations along a single mode for the first two LE4PD modes (the ones used to con-
struct the two-dimensional free-energy surfaces in the main text) as a function of sequence and
AF2 MSA depth. For all sequences, the first LE4PD mode describes mostly fluctuations in the
N-terminal tail (Figure 1.4a) while the second mode features a relaxation time roughly an order of
magnitude faster than the first mode, and is a much stronger function of sequence. Since the N-
terminal tail must become structured in the dimer and it is where the inhibitors have been shown
to bind to the monomer, I postulate that the slowest LE4PD mode describes potential binding
fluctuations of the monomer. I am not aware of any biological significance of the second mode,
but it tends to disagree with that extracted from the MD simulations, where a combination of C-
or N-terminal and flap dynamics are described.
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Figure 1.4: Local mode lengthscale (LML) for the first a) and second b) LE4PD modes for each of the
six sequence variants studied in the main text as a function of the MSA depth in AF2. Embedded
ensembles show the LML projected onto the alpha-carbons for the MSA=8 ensemble for each sequence.
The colorscale is red-white-blue, with red indicating no dynamics and blue indicating the most dynamic
regions. The scaling is the same for each sequence for each mode, but the normalization of the scaling is
set uniquely for each mode. Also given in each plot is the mode’s timescale for the MSA=8 ensemble.
The LML for each sequence is shown as the dashed, grey curve as a reference

I.5 Conformational Diversity Plots for all HIV-1 Protease Sequences

I display in Figure 1.5 the conformational diversity plots analogous to Figure 3 in the main
text for all six sequences of the HIV-1 protease protein I examine in this study. Scatter point
coloring and free-energy contour lines are identical to those used in Figure 3 in the main text.
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Figure 1.5: Projection of AlphaFold2 structures at the indicated MSA depth onto the space spanned by
the two slowest LE4PD modes, which are calculated individually for each protein from the respective one
microsecond trajectory starting from the highest confidence AlphaFold two structure. Results for
sequences a) 3TTP, b) 2PCO0, ¢) 1Q9P, d) 1IEBW, e) 474X, and f) 6P9A.
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Likewise, Figure 1.6 shows the conformational diversity of the ensembles output from Al-
phaFold2 at MSA depths of 8 and 64 as well as AlphaFold-2 cluster, BioEmu, and DiG. This
figure is analogous to Figure 6 in the main text.

For comparison to the experimental structures, I project the starting X-ray or NMR starting
structures for the simulation onto the LE4PD free-energy surfaces for each monomer in Figure
I.7. The results are sequence dependent: for 1Q9P, 2PCO, and 6P9A, the crystal structure is
in a free-energy well. For 3TTP, 1IEBW, and 4Z4X, the crystal structure lies outside a free-
energy well. This result is likely because the slowest LE4PD modes describe (potential) binding
fluctuations in the N-terminal tail, but the crystal structures come from dimers, where the C- and
N-terminal tails are pinned in beta-sheets. However, I see that the NMR ensemble, including the
starting structure for my simulations (the magenta star in the projection) overlap well with the
free-energy surface from the MD simulation. Because the free monomers are unlikely to sample
the exact folded conformations present in the dimer, the crystallographic structures can show
poor overlap with the wells in the free-energy surface from the LE4PD method.

[.6 Dynamical Time Warping and Kolmogorov-Smirnov Distance Matrices

Figures 1.8 and 1.9 show the distance matrices between the brute-force calculated time
correlation functions for the given HIV-1 protease sequence at the given simulation length (10,
100, or 1000 ns) and the predictions from the LE4PD method parameterized with the AlphaFold2
structural ensemble generated at the displayed MSA depth. As mentioned in the main text, for
each timescale and for each sequence, that residue’s time correlation function is best described
by the MSA depth where the distance is minimal. Practically, this procedure amounts to taking
the minimum argument across the columns of each matrix.

Figure 1.8 shows the result when I use the dynamical time warping distance as the distance
metric while 1.9 shows the result when I convert the respective time correlation functions to its
cumulative distribution functions, then calculate the distance between the simulated and analyti-
cal time correlation functions using the Kolmogorov-Smirnov test. Visual inspection of the two
sets of matrices reveals that using the two different metrics gives qualitatively similar results.
Thus, although I use the dynamical time warping distance to map the timescales between the
simulation and the machine-learned ensembles, the Kolmogorov-Smirnov distance can be used
to similar effect.

The analogous plot for the other generative machine learning methods investigated in the
manuscript are given in Figure [.10 and 1.11. For all distance calculations, the time correlation
functions are truncated at the lagtime where the brute-force calculated time correlation function
from the corresponding molecular dynamics trajectory shows a positive gradient, which indicates
that noise is beginning to dominate the calculation of the correlation function since these are time
correlation functions of a system decaying toward equilibrium, and they must be monotonically
decreasing in the absence of statistical noise.

I.7 Timescale Correlation Plots for the Six HIV-1 Protease Sequences

Figure 1.12 shows the linear fits between the MD integrated timescales from the residue-
residue time correlation functions and the integrated timescales from the analytical residue-
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Figure 1.6: Projection of AlphaFold2 structural ensembles generated at MSA depths of 8 and 64 as well
as those generated from AlphaFold2-cluster, BioEmu, and DiG, onto the space spanned by the two
slowest LE4PD modes, which are calculated individually for each protein from the respective one
microsecond trajectory starting from the highest confidence AlphaFold2 structure. Results for sequences
a) 3TTP, b) 2PCO, c) 1Q9P, d) IEBW, e) 4Z4X, and f) 6P9A.
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free-energy surfaces spanned by the two slowest LE4APD modes. Besides the change in the number of
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MD simulations are projected onto the free-energy landscapes as yellow stars, except for 1Q9P, where the
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Figure 1.8: Distance matrices between the brute-force calculated time correlation functions from the MD
simulation and the analytical LE4PD time correlation functions parameterized using the AlphaFold2
structural ensembles generated at the indicated MSA depth for three simulation lengthscales indicated
(10, 100, and 1000 ns) for each of the six HIV-1 protease sequences studied here: a) 3TTP, b) 2PCO, c¢)
1Q9P, d) IEBW, e) 474X, and f) 6P9A. The distance metric used is the dynamical time warping distance
between the two time correlation functions.
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Figure 1.9: Distance matrices between the brute-force calculated time correlation functions from the MD
simulation and the analytical LE4PD time correlation functions parameterized using the AlphaFold2
structural ensembles generated at the indicated MSA depth for three simulation lengthscales indicated
(10, 100, and 1000 ns) for each of the six HIV-1 protease sequences studied here: a) 3TTP, b) 2PCO, ¢)
1Q9P, d) 1IEBW, e) 474X, and f) 6P9A. To calculate this set of distance matrices, each time correlation
function is converted to its respective cumulative distribution function. Then, the Kolmogorov-Smirnov
test between the two cumulative distribution functions is calculated, and the mapping is performed to the
simulated time correlation functions with the lowest value output from the Kolmogorov-Smirnov test.
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Figure 1.10: Distance matrices between the brute-force calculated time correlation functions from the
MD simulation and the analytical LE4PD time correlation functions parameterized using either
AlphaFold2 or other machine-learned (AlphaFold2-cluster, BioEmu, or DiG) structural ensembles for
three simulation lengthscales indicated (10, 100, and 1000 ns) for each of the six HIV-1 protease
sequences studied here: a) 3TTP, b) 2PCO0, c) 1Q9P, d) IEBW, e) 4Z4X, and f) 6P9A. The distance metric
used is the dynamical time warping distance between the two time correlation functions.
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Figure 1.11: Distance matrices between the brute-force calculated time correlation functions from the
MD simulation and the analytical LE4PD time correlation functions parameterized using either
AlphaFold?2 or other machine-learned (AlphaFold2-cluster, BioEmu, or DiG) structural ensembles for
three simulation lengthscales indicated (10, 100, and 1000 ns) for each of the six HIV-1 protease
sequences studied here: a) 3TTP, b) 2PCO0, c) 1Q9P, d) IEBW, e) 4Z4X, and f) 6P9A. To calculate this set
of distance matrices, each time correlation function is converted to its respective cumulative distribution
function. Then, the Kolmogorov-Smirnov test between the two cumulative distribution functions is
calculated, and the mapping is performed to the simulated time correlation functions with the lowest
value output from the Kolmogorov-Smirnov test.
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residue correlation functions predicted from LE4PD theory parameterized using the AlphaFold2
ensemble generated at an MSA depth of 8 for each of the six HIV-1 protease sequences studied
here. The slope and intercept of each fit is given in the corresponding subplot in Figure 4c in the
main text.

Figure 1.13 shows the linear fits between the MD integrated timescales from the residue-
residue time correlation functions and the integrated timescales from the analytical residue-
residue correlation functions predicted from LE4PD theory parameterized using the either the
AlphaFold2-, BioEmu-, or DiG-generated structural ensembles for each of the six HIV-1 pro-
tease sequences studied here. The slope and intercept of each fit is given in the corresponding
subplot in Figure 7c in the main text.

[.8 Out-of-set-structure Analysis for All Six HIV-1 Protease Sequences

As discussed briefly in the main text, when outlying structures are removed from the Al-
phaFold2 ensemble, I find that the ultimate effect on the predicted dynamics and kinetics is
sequence dependent. I find that, depending on the variant’s particular primary sequence, there
are three effects of outlying structure removal.

For the sequences encoded in PDB IDs 1EBW and 2PC0, there are a large number of
outlying structures, the removal of which decreases the variance of the ML-generated ensemble.
For these two sequences, removing the outlying structures from the calculation of the potential
of mean force matrix in the Langevin equation results in a near universal decrease of the RMSF
and integrated timescales, as shown in Figure 1.14

For the sequences encoded by PDB IDs 1Q9P and 3TTP, the opposite effect is observed,
where removing outlying structures generally increases both the relaxation timescales and the
RMSF of the ML-generated ensemble, as shown in Figure 1.15. This effect is due to the mode of
the distribution of the ML-generated ensembles not overlapping with a mode of the MD distribu-
tion. As such, there are structures (especially for 1Q9P) lying near the average structure from the
ML ensemble that are removed from the potential of mean force calculation, and thus increasing
the variance along the slowest LE4PD mode and hence the relaxation timescales.

Finally, there may be few out-of-set structures, which is the case for the sequences encoded
by PDB IDs 4Z4X and 6P9A. As shown in Figure I.16, removing the outlying structures has only
a small effect on the RMSF and timescales. This result is expected since the ensemble is only
slightly perturbed by the removal of a few structures.

1.9 Out-of-set-structure Analysis for BioEmu and AlphaFold2-Cluster

In Figures 1.17 and .18 I show the effect of removing out-of-set structures on the calculated
RMSF and integrated timescales 7,,, respectively, for the ensemble generated using BioEmu.
There is little change in either the RMSF or the integrated timescales.

In Figures 1.19 and .20 I show the effect of removing out-of-set structures on the calculated
RMSF and integrated timescales 7,y,, respectively, for the ensemble generated using AF-cluster.
There are much larger changes in both RMSF and integrated timescales when out-of-set structures
are removed compared to the BioEmu ensemble. However, even with the removal of the out-of-
set structures, the predicted RMSF is still much larger than that calculated from the benchmark
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Figure 1.12: Correlation between the integrated timescales from the one microsecond MD simulation
starting from the most confidence structure predicted from AlphaFold2 for the given HIV-1 protease
sequence and the integrated timescale from the analytical residue-residue time correlation functions
predicted from the LE4PD theory parameterized using the AlphaFold2 structural ensemble generated at
an MSA depth of 8. Results for sequences a) 3TTP, b) 2PC0, ¢) 1Q9P, d) 1IEBW, e) 474X, and f) 6P9A.
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Figure 1.13: Correlation between the integrated timescales from the one microsecond MD simulation
starting from the most confidence structure predicted from AlphaFold2 for the given HIV-1 protease
sequence and the integrated timescale from the analytical residue-residue time correlation functions
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Figure 1.14: Projection of structures from the AlphaFold2 ensemble with an MSA depth of 8 projected
onto the free-energy surfaces spanned by the first two LE4PD modes for a) IEBW and b) 2PC0. The
mean structure of the distribution is labeled with a green triangle; the mode is labeled with a white
triangle; outlying structures are colored yellow; finally, in-distribution structures (according to the
microsecond MD) are colored blue. Comparison of the RMSF before (red) and after the removal of
outlying structures (blue) are shown for ¢) IEBW and d) 2PC0. The RMSF calculated from a
microsecond MD of these two sequences is given by the solid, black curve. Finally, the integrated
timescales with all structures kept in the ensemble (red) and with outlying structures removed (blue) are
shown in e) for IEBW and f) for 2PCO0.
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Figure 1.15: Projection of structures from the AlphaFold2 ensemble with an MSA depth of 8 projected
onto the free-energy surfaces spanned by the first two LE4PD modes for a) 1Q9P and b) 3TTP. The mean
structure of the distribution is labeled with a green triangle; the mode is labeled with a white triangle;
outlying structures are colored yellow; finally, in-distribution structures (according to the microsecond
MD) are colored blue. Comparison of the RMSF before (red) and after the removal of outlying structures
(blue) are shown for ¢) 1Q9P and d) 3TTP. The RMSF calculated from a microsecond MD of these two
sequences is given by the solid, black curve. Finally, the integrated timescales with all structures kept in
the ensemble (red) and with outlying structures removed (blue) are shown in e) for 1Q9P and f) for 3TTP.
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Figure 1.16: Projection of structures from the AlphaFold2 ensemble with an MSA depth of 8 projected
onto the free-energy surfaces spanned by the first two LE4PD modes for a) 4Z4X and b) 6P9A. The mean
structure of the distribution is labeled with a green triangle; the mode is labeled with a white triangle;
outlying structures are colored yellow; finally, in-distribution structures (according to the microsecond
MD) are colored blue. Comparison of the RMSF before (red) and after the removal of outlying structures
(blue) are shown for ¢) 474X and d) 6P9A. The RMSF calculated from a microsecond MD of these two
sequences is given by the solid, black curve. Finally, the integrated timescales with all structures kept in
the ensemble (red) and with outlying structures removed (blue) are shown in e) for 4Z4X and f) for 6P9A.
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Figure 1.17: RMSF predicted from the BioEmu ensemble with (red) and without (blue) out-of-set

structures included in the calculation for each of six HIV-1 protease variants: a) 3TTP; b) 2PCO; ¢) 1Q9P;
d) 1IEBW; e) 474X; f) 6P9A. The RMSF is benchmarked by the RMSF calculated directly from a one

microsecond equilibrium MD simulation (black).
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microsecond MD simulation.
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Figure 1.19: RMSF predicted from the BioEmu ensemble with (red) and without (blue) out-of-set
structures included in the calculation for each of six HIV-1 protease variants: a) 3TTP; b) 2PCO; ¢) 1Q9P;

d) 1IEBW; e) 474X; f) 6P9A. The RMSF is benchmarked by the RMSF calculated directly from a one
microsecond equilibrium MD simulation (black).

.10  Analysis for a Wild-type Dimer and a Mutant Dimer

Since the functional form of the HIV-1 protease is dimeric, I present here a brief analysis of
a wild-type, dimeric HIV-1 protease (PDB ID: 1HHP[300]) and a mutant (PDB ID: 3UF3[301]).
I perform one microsecond MD simulations using the same parameterization as for the monomer
variants analyzed in the main text. After performing the simulation, I analyze the distance be-
tween the tips of the flaps (measured by the distance between the 150 and 1149 residues), the
distance from this isoleucine residue at the tip of the flap to the active site aspartate on the same
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monomer, and the curl angle of the flap tip, measuring the angle formed by residues 48-49-50 or
147-148-149.[296] The histograms for these three measurements calculated over both the wild-
type and mutant simulations are shown in Figure I.21. In [.21a) I show the histogram of the cosine
of the flap tip curling angle, which I average over both residues because the difference between
the two wild-type and mutant distributions for either monomer are not statistically significant,
according to the KS test (data not shown). In either case, the averaged probability distribution
between the two variants is not statistically significant either. Figure 1.21b) shows the probability
distribution of the flap-flap distance between the two monomers in the dimer. In this case, the
mutant has, on average, a significantly larger distance between the two flap tips. Figures 1.21c¢)
and [.21d) show the flap tip to catalytic aspartate distance for the first and second monomer in
the dimer, respectively. Due to the asymmetry of the dynamics observed in the MD simulations
of both dimers, the probability distribution of the mutant is significantly different from the wild-
type only for the first monomer, as verified by comparing the associated cumulative distribution
functions (CDFs) using the KS test (CDFs not shown).
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Figure 1.21: Histograms of a) the curling angle of the three residues of the flap tip, averaged over the two
monomers; b) the flap-flap distance between monomers in the HIV-1 protease dimer; c) the [50-D25
distance for the first monomer in the dimer; and d) the 1149-D124 distance for the second monomer in the
dimer.

I also perform an LE4PD analysis on these trajectories, and show the root-mean-squared
fluctuations projected onto the six slowest LE4PD modes, otherwise known as the local mode
lengthscale (LML). These plots are shown in Figure 1.22 for the wild-type and mutant variants.
For modes where the fluctuations are large enough, I superimpose structures of the dimer with
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the LML projected onto the alpha-carbons onto the appropriate subplot. Compared to the LE4PD
timescales of the monomers, the timescales of the dimer are more than an order of magnitude
faster, at least in part due to the amplitude of the fluctuations of the dimers’ slow modes being at
least an order of magnitude lower than those of the monomers. This result aligns with the intu-
ition that energetically favorable binding suppresses such entropically favorable conformational
fluctuations from the bound state. The asymmetry of the LML plots also demonstrates previously
seen asymmetry in the constituent monomers of the HIV-1 protease dimer.[288, 290, 296]
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Figure 1.22: Local mode lengthscale (LML) for the six slowest LE4PD modes calculated from MD
simulations of the wild-type 1hhp (black) and mutant 3uf3 (blue) HIV-1 protease dimer. The LMLs
projected onto the structural ensembles from the microsecond MD simulations are colored using a
red-white-blue colorscale, where red indicates no dynamics and blue indicates large scale conformational
dynamics. Note that the colorscale is scaled to the LML of the dimer simulations, and it does not
correspond to the same scale used in the analogous plot for the monomer simulations. Here, the LMLs
are around an order of magnitude smaller compared to the monomer results.

In Figure 1.23, I show the projections of the flap-flap distance, flap tip-active site distance
(I50-D25 distance, averaged over both residues), and the flap tip curl angle (again averaged over
both residues) onto the two slowest LE4PD modes. I see that, for the mutant, changes in these col-
lective variables are not encoded by the two slowest LE4PD modes. For the wildtype, the slowest
LE4PD mode describes the shift from small to large flap-flap and flap-active site distances, but
no coherent change in the flap tip curling angle.
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Figure 1.23: Projection of the flap-flap distance (first row), flap tip-catalytic site distance (middle row),
and the cosine of the flap tip curling angle (bottom row) onto the free-energy surface spanned by the first
two LE4PD modes for the wildtype (1HHP; left column) and mutant (3UF3; right column) sequences.
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.11 Out-of-set-structure Analysis of Dimer Ensembles Generated from Co-
folding ML Methods

I'apply my protocol for the dimer ensembles generated by AlphaFold-multimer (AFmultimer).[184]
I use the ColabFold implementation of AFmultimer to generate the conformational ensembles. I
found that even with higher MSA depth, the co-folding models were generating structures with
Cap, instead of the functionally relevant C, symmetry. In Figure 1.24 I show one structure for
the WT sequence and MUT sequence where AFmultimer predicts a dimer with biologically non-
functional symmetry, Cyy,.

Figure 1.24: Example Co, symmetry structures for a) WT 1HHP sequence and b) MUT 3UF3 sequence
predicted by AF2-multimer.

In Figure 1.25a and b clearly show that co-folding models generally predict such structures
with non-functional symmetry. Furthermore, the mutant has many more hallucinated structures
even when the individual chains preserved the fold. This is seen in Figure 1.25¢c. The presence
of such hallucinated structures exaggerates the calculated ACFs, suggesting a slow relaxation as
seen in Figure 1.26. This effect is pronounced in the mutant case, where I have a significant frac-
tion of hallucinated structures. While the prediction is biologically and functionally inaccurate,
based on intuition, a symmetry-breaking motion should be characterized as the slowest process.
Thus, the quality of the initial set of structures indeed matters as one would expect. However,
reweighting methods or ensemble-driven generation are necessary to accurately predict these
timescales.

I apply my proposed reweighting approach to remove the out-of-set samples. Figure 1.26
shows the effect of this reweighting approach. I show the ACFs for functionally or dynamically
relevant residues, such as the active site, ‘ear’, ‘cheek’, and flap tip.[296] As expected, the pre-
dicted timescales start to align with the directly calculated ACF from the 1 s MD. Figure 1.26b
bottom panel clearly shows how reweighting aids these calculations.

Finally, to quantify the discrepancy and the effect of reweighting, I used dynamic time
warping distances between the predicted ACF and the ACFs directly from MD samples. Figure
[.27a shows the DTW matrix for the WT and mutant. Each row of the DTW matrix contains
information for different MSA lengths, and each column corresponds to a residue. As mentioned
in the main text, a lower value indicates that the predictions are closer. I can easily see that all
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Figure 1.25: Overlap of ML-generated ensemble with MD ensemble. a) Spread of the conformational
ensemble is shown for the WT (PDB ID:1HHP) and b) mutant (PDB ID:3UF3). ¢) Shows the percentage
out-of-set samples present for both WT and mutant HIV-1 protease dimers.

the predictions for the mutant behave similarly, as they are heavily biased by the hallucinated
structures. Figure 1.27b shows the same result after the reweighting procedure. Once these
spurious structures were removed, patterns started to arise in the DTW matrix. This suggests
that reweighting helps the predictions. Moreover, only after reweighting the good samples that
were generated by the reduced MSA the approach shines, thus suggesting 1) there is indeed some
relevant timescale information present in the generated ensembles, and 2) reweighting is required
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to remove such conformations.
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