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Proteochemometric (PCM) modeling is a powerful computational drug discovery
tool used in bioactivity prediction of potential drug candidates relying on both
chemical and protein information. In PCM features are computed to describe
small molecules and proteins, which directly impact the quality of the predictive
models. State-of-the-art protein descriptors, however, are calculated from the
protein sequence and neglect the dynamic nature of proteins. This dynamic
nature can be computationally simulated with molecular dynamics (MD). Here,
novel 3D dynamic protein descriptors (3DDPDs) were designed to be applied in
bioactivity prediction tasks with PCM models. As a test case, publicly available G
protein-coupled receptor (GPCR) MD data from GPCRmd was used. GPCRs are
membrane-bound proteins, which are activated by hormones and
neurotransmitters, and constitute an important target family for drug discovery.
GPCRs exist in different conformational states that allow the transmission of
diverse signals and that can be modified by ligand interactions, among other
factors. To translate the MD-encoded protein dynamics two types of 3DDPDs
were considered: one-hot encoded residue-specific (rs) and embedding-like
protein-specific (ps) 3DDPDs. The descriptors were developed by calculating
distributions of  trajectory coordinates and partial charges, applying
dimensionality reduction, and subsequently condensing them into vectors per
residue or protein, respectively. 3DDPDs were benchmarked on several PCM
tasks against state-of-the-art non-dynamic protein descriptors. Our rs- and
ps3DDPDs outperformed non-dynamic descriptors in regression tasks using a
temporal split and showed comparable performance with a random split and in all
classification tasks. Combinations of non-dynamic descriptors with 3DDPDs did
not result in increased performance. Finally, the power of 3DDPDs to capture
dynamic fluctuations in mutant GPCRs was explored. The results presented here
show the potential of including protein dynamic information on machine learning
tasks, specifically bioactivity prediction, and open opportunities for applications
in drug discovery, including oncology.
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Introduction

Proteins are complex biological units that constitute the basis for cellular function. As
such, studying their structure and interaction with the environment is a key aspect of
preclinical drug discovery'. In computational drug discovery, the information encoded
in proteins can be extracted and leveraged for several applications using machine learn-
ing®. These include, among others, target identification’, computational mutagenesis®,
protein-protein interaction studies™, and small molecule-target binding affinity predic-
tion™®. The latter, also referred to as bioactivity proteochemometric modeling (PCM), is
an extension of the widely employed quantitative structure-activity relationship (QSAR)
models enriched with protein descriptors’.

Several types of protein descriptors are available for PCM modeling and similar appli-
cations™™. These can be broadly classified between sequence-based and structure-based
descriptors. Descriptors derived from the protein sequence include discrete features cal-
culated per residue (one-hot encoding)' or protein'' capturing physicochemical prop-
erties or amino acid composition. Additionally, deep learning applications of natural
language processing have prompted the generation of protein embeddings from se-
quences'?. Structute-based descriptots can be detived from molecular graphs ot the pro-
tein 3D structure by measuring connectivity, distances, and physicochemical properties
among others®’. Moreover, ligand-protein interaction fingerprints can be derived from
protein structures in complex with small molecules or from combinations of ligand
and protein descriptors'.

While the goal of protein descriptors is to capture the full complexity of the protein,
they largely fail to depict protein dynamism. At physiological temperatures, proteins
exist in an equilibrium of structural conformations, which can be studied experimen-
tally or simulated with Molecular Dynamics (MD)". Changes in metabolite or ligand
concentrations, as well as mutations and other structural alterations, can impact protein
dynamics'>'. These, in turn, directly influence protein function and interactions'>!". The
inclusion of dynamic information in protein descriptors could therefore increase perfor-
mance in some of the machine learning applications listed above. Positive effects have
already been reported in target and functional site identification'®, but this potential is yet
to be explored in PCM bioactivity modeling;

G protein-coupled receptors (GPCRs) have extensively been explored as targets in bio-
activity prediction, including PCM, due to their biological and therapeutic relevance'?.
GPCRs as a family share a highly conserved structure with seven transmembrane (TM)
domains that exists in a dynamic equilibrium between active and inactive conforma-
tions®*. In the last decades, the scientific community has seen an increasing interest in
the dynamic aspects of GPCRs, resulting in community efforts such as the GPCRmd
database, where curated GPCR MD simulations are publicly available”. Simultaneously,
GPCR research in the context of oncological therapies is gaining momentum as ex-
plored in Chapter 5%, with several 7z vitro studies showing how cancer-related somat-
ic mutations affect receptor function and/or pharmacological intervention®?". Some
of the physiological effects observed in mutants have been associated with changes in
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receptor dynamics thanks to MD simulations®.

Here, 3D dynamic protein descriptors (3DDPDs) were developed leveraging atom coos-
dinates and partial charges from publicly available single replicate MD simulations from
GPCRmd. Two descriptor architectures were explored: embedding-like (protein specific
— ps3DDPD), and one-hot encodings (residue specific — rs3DDPD). The performance
in PCM GPCR bioactivity prediction of these novel protein descriptors was bench-
marked against and in combination with a panel of state-of-the-art protein descriptors.
Finally, the ability of our 3DDPDs to capture dynamic changes driven by (cancer-relat-
ed) somatic point mutations in GPCRs was tested. These results highlight 3DDPDs as a
stepping stone for further research on protein descriptors used for predicting drug-tar-
get interactions based on protein dynamics.

Results

3DDPDs generation and optimization

3D dynamic protein descriptors (3DDPDs) were designed to capture the dynamic be-
havior of proteins in MD simulations. For this purpose, atomic coordinates were first
extracted from the MD trajectories, and their variability over a certain number of frames
calculated. As proof of concept, 3DDPDs were conceived for single MD trajectory rep-
licates in this work. In order to account not only for the position but also for the type of
atoms in the protein, atomic partial charges were computed. Next, two strategies were
developed to condense the dense atomic information into protein descriptors (Figure
7.1). These strategies correspond to the two types of 3DDPDs envisioned. The resi-
due-specific (rs)3DDPD is closer to classical one-hot encoded protein descriptors and
defines each residue in the protein with a fixed number of features. The rs3DDPD was
designed to capture the differences across different sections of the target. The second
type, protein-specific (ps)3DDPD, is closer to whole sequence protein embeddings and
was designed to capture the differences between targets in a set. Consequently, atomic
data were aggregated per target for rs3DDPDs and for all targets for ps3DDPDs and
its dimensionality was reduced via principal component analysis (PCA). Several principal
components (PCs) for each atom were selected and, in the case of rs3DDPDs, grouped
per residue. A second dimensionality reduction step was applied to residue data and
the selected PCs were placed in their matching sections corresponding to a multiple
sequence alignment (MSA) of the targets of interest. For ps3BDDPDs, the PCs selected
per atom were grouped per target, resulting in the final descriptor.

The 3DDPD generation strategy described above was optimized by comparing the de-
scriptors’ performance on PCM modeling tasks. GPCRs were selected as the protein
family for this case study given the availability of a large number of MD trajectories
freely in the GPCRmd database®. Particulatly, the focus laid on Class A GPCR apo
structures in the inactive or intermediate conformations, more broadly represented at
the time of the analysis. The PCM dataset contained 26 GPCRs with available MD tra-
jectoties in GPCRmd and high-quality data in the Papyrus bioactivity dataset”, in total
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38,701 datapoints. Although two data split strategies (i.e. random and temporal) were
applied in both regression and classification PCM tasks, the optimization strategy was
driven mostly by the results in the most demanding task, regression with a temporal split.
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Figure 7.1. 3D dynamic descriptor (3DDPD) generation overview. First, a selection of residues and at-
oms is made. XYZ coordinates are collected for the selected atoms over all frames of the trajectory. The
full simulation ranging from 0O to 500 ns is divided into sub-trajectories and atomic coordinate statis-
tics (average, SD, and median) are computed for each of them. Two routes are possible from this point
to generate either one-hot encoded residue-specific rs3DDPDs or embedding-like protein-specific
ps3DDPDs. Respectively, atomic data is grouped and standardized either per target or for all targets
and PCA is computed. A number of PCs for each atom are then selected and, in the case of rs3DDPDs,
grouped per residue by calculating the average and SD. A second dimensionality reduction step is ap-
plied to residue data and the selected n number of PCs are mapped to their corresponding positions in
an MSA of the targets of interest. This results in a vector rs3DDPD of length n * L, where L is the length of
the protein or the MSA. For ps3DDPDs, the m number of PCs selected per atom are grouped per target
by calculating average, median, and SD, therefore resulting in the final vector descriptor of length m * 3.

First, the “dynamic” properties derived from atomic coordinates were optimized. Here,
the use of mean, median, and standard deviation from the mean (SD) or just the SD,
representing the “rigidity” of each atomic coordinate was benchmarked. For rs3DDPDs,
using SD resulted in better performance (Figure 7.2a), contrary to ps3DDPDs (Figure
7.2b). The number of frames included in each trajectory split was also optimized, where
100 or 500 frames yielded similarly better results (Figure 7.2a), so 100 frames were
selected further. The variance explained by the selected number of PCs on atom data
was optimized and set at 95% for both rs3DDPDs and ps3DDPDs (Figure 7.2b), and
similarly, the number of PCs on residue data was optimized and set to 5 not to explode
the number of features (Figure 7.2a).

Furthermore, the inclusion of atomic data from all heavy atoms or non-carbon at-
oms only was tested. The former option was significantly better for both rs3DDPDs
(Figure 7.2a) and ps3DDPDs. Finally, residue selection strategies were tested to focus
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the 3DDPDs on the protein binding site (Figure 7.2c). These selections were based
on structural-driven MSAs at different protein family levels, starting from the full se-
quence, then the binding pocket of class A GPCRs, then specific GPCR families, such
as nucleotide receptors, then GPCR subfamilies, such as adenosine receptors, and finally,
target-specific binding pocket such as the adenosine A, receptor. To ensure a consistent
number of features per descriptor, in r1s3DDPDs only the first two options could be
tested, where the class A binding pocket performed significantly worse than the full se-
quence (Figure 7.2a). In ps3DDPDs all selection methods performed similatly except
for the family and target pockets, which performed significantly worse (Figure 7.2b).
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Figure 7.2. Optimization of the 3DDPD generation strategy. Ten PCM regression tasks with temporal
split were trained with each variation of the 3DDPDs to select the optimal parameters. Pairwise differ-
ences were analyzed by their statistical significance in a Student’s T test, represented by asterisks in
(a,b):. * =p-value < 0.05; ** = p-value < 0.01; ™ = p-value < 0.001. a) rs3DDPDs were optimized by testing
different options for trajectory data (i.e. choices of statistical metrics for sub-trajectory grouped coor-
dinate atomic data: “coordinate” includes all, “rigidity” only SD), number of frames in the sub-trajectory
frame splits, number of PCs from the residue PCA, atom selection (i.e. all heavy atoms or “minus C”:
non-carbon), and residue selection (i.e. full sequence or class A GPCRdb-annotated binding pocket). b)
ps3DDPDs were optimized based on trajectory data, variance covered by the selected number of atom
PCA components, atom selection, and residue selection. ¢) Residue selection options exemplified on
the structure of adenosine Al receptor PDB 5UEN. In orange, the residues that would be selected by
each of the five possible definitions of a structural-driven binding pocket selection approach: full se-
quence, class A, family, subfamily, and target.
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The optimized rs3DDPD included “Rigidity” coordinate data calculated from 100-frame
splits, where all atomic data was included for all residues in the protein sequence. In the
atomic PCA, 95% of the variability was kept and 5 PCs in the residue PCA. This resulted
in a vector of 3,785 features for the class A GPCRdb MSA used, of length 757. The
optimized ps3DDPD included all coordinate data statistics calculated from 100-frame
splits, where all atomic data was included for all residues in the protein sequence, and
95% of the variability was kept in the atomic PCA. This resulted in a vector of 30
features.

3DDPDs reflect the GPCR dynamic fluctuations

From the publicly available MD database for GPCRs, GPCRmd, a subset of 26 tra-
jectories for class A GPCRs with sufficient bioactivity data for PCM modeling was se-
lected, as desctibed in the Materials and Methods section. Apo inactive conformations
were selected to avoid bias towards a specific ligand-triggering activation mode. The
targets selected covered 17 subfamilies within four class A families: aminergic, lipid, nu-
cleotide, and peptide receptors. The analysis of the MD trajectories showed similarities
between dynamic behaviors but also differences that can be potentially captured and
exploited using 3DDPDs. Such differences can be better observed by aligning the Root
Mean Square Fluctuation (RMSF) values to a GPCR class A MSA (Figure 7.3a and
Supplementary Figure 7.1). Across GPCRs, there is a shated pattern of reduced mo-
bility in the TM domains compared to extracellular (ECL) and intracellular (ICL) loops
or N- and C-terminus. However, deviations from this pattern are common when com-
paring i) members of different families (e.g. adrenergic 5-hydroxytryptamine receptor 1,
(5HT1B) and nucleotide adenosine A, receptor (AA1R) in their overall dynamic behav-
ior), if) members of the same family but different subfamilies (e.g. nucleotide receptors
adenosine A,, (AA2AR) and P2Y purinoceptor 1 (P2RY1) in TM2, ICL.2, ECL2, ICL3,
and C-terminus), or iii) even members of the same subfamily (e.g. 5-hydroxytryptamine
receptors SHT1B and 2, (SHT2B) in N-terminus, TM3, TM4, ECL.2, ICL3, and ECL3).
Importantly, the main dynamic patterns described above were highly conserved for the
three different replicates of the same system available on GPCRmd (Supplementary
Figure 7.2), suggesting that the omission of MD replicates in the current 3DDPD
pipeline did not have a major impact on the results presented here.

The observed similarities and differences in dynamic behaviors between GPCRs were
effectively captured by the optimized rs3DDPDs (Figure 7.3b and Supplementary
Figure 7.3) and ps3DDPDs (Figure 7.3c and Supplementary Figure 7.4). In the
translation from RMSF to rs3DDPD and ps3DDPD, positive and negative values ap-
peared that represented inter- and intra-target variability, respectively. While rs3DDPDs
reflected the dynamic fluctuations on a residue level that resembled more closely the
RMSF pattern itself, ps3DDPDs showed a more generalized embedding of each protein
dynamics compared to all the targets in the set thus enhancing the differences among
targets. Of note, rs3DDPDs did not represent merely a transform of the RMSF values,
as exemplified for the positions corresponding to the N-terminus and TM1 in P2RY1
and P2RY12 (Figure 7.3a,b). This suggests that information other than the atom
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coordinate variability, such as the type of atoms and residues encoded by partial charges,
was picked up by the 3DDPDs. In part, such an effect was likely possible thanks to the
dimensionality reduction process that introduced several opportunities to exploit atomic
and residue similarities and differences as opposed to the RMSF calculation.
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Figure 7.3. Representation of the GPCRs dynamic behavior by 3DDPDs. a) Dynamic fluctuations of the
residues of six GPCRs from the set, represented by their RMSF (A). The RMSF values are mapped to their
corresponding positions in the MSA later used for rs3DDPD and non-dynamic descriptor calculation, for
easier visualization. The regions in the MSA corresponding to domains TM 1-7 are shadowed for refer-
ence. Data for the complete set of 26 GPCRs is available in Supplementary Figure 7.1. b) Representation
of the rs3DDPD feature values for the same subset of GPCRs. Data for the complete set of 26 GPCRs
is available in Supplementary Figure 7.3. ¢) Representation of the ps3DDPD feature values for the same
subset of GPCRs. Data for the complete set of 26 GPCRs is available in Supplementary Figure 7.4.

3DDPDs outperform non-dynamic protein descriptors in PCM regression tasks

The use of 3DDPDs as protein descriptors in PCM bioactivity modeling tasks was
tested for our GPCR dataset. For this purpose, the performance of random forest (RF)
models was benchmarked using 3DDPDs in combination with ECFP6 molecular fin-
gerprints against models using as protein descriptors one of five other one-hot encoded
descriptors (i.e. Zscale in two modalities, STscale, MS-WHIM, and PhysChem) or one
protein embedding (i.e. UniRep). The benchmark was carried out for classification and
regression tasks using two different types of training-test splits: 80:20 random split and
temporal split with 2013 as a cutoff year for the test set. The temporal split was intro-
duced as a more accurate representation of a drug discovery campaign where data from
the past is used to predict novel chemical entities developed later in time and indeed
showed a considerable decrease in chemical bias compared to the random split (0.051
vs. 0.279).
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Figure 7.4. Benchmark of 3DDPD performance in PCM bioactivity modeling tasks against non-dynamic
descriptors. Ten RF models with random seeds were trained and validated for each combination of pro-
tein descriptors with ECFP6 molecular fingerprints. A shade of green (the darker the better) represents
better performance using a descriptor A instead of a descriptor B, as read in panel a. A shade of red (the
darker the worse) represents worse performance using a descriptor A instead of a descriptor B. The
statistical significance of the differences is derived from pairwise Student T-test and represented by as-
terisks: * = p-value < 0.05; ** = p-value < 0.01; *** = p-value < 0.001. Four PCM tasks were benchmarked:
a) Classification with validation based on an 80:20 random split. In classification tasks, MCC was used
as an evaluation metric on the test set. b) Regression with validation based on an 80:20 random split.
In regression tasks, Pearson r was used as an evaluation metric on the test set. ¢) Classification with
validation based on a temporal split, with 2013 as the cutoff year. d) Regression with validation based on
a temporal split, with 2013 as the cutoff year.

The bioactivity dataset compiled for bioactivity modeling contained 38,701 bioactivity
datapoints heterogencously distributed across the 26 targets (Supplementary Table
7.1). Active data for classification was defined with a cutoff of 6.5 pchembl value. Firstly,
the need for PCM modeling in such a set was assessed by comparing the performance
of the PCM models to the average performance of individual QSAR models for each
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of the GPCRs in the set. In all of the modeling scenarios, the worst performing PCM
model outperformed significantly the QSAR models: Matthews correlation coefficient
(MCC) 0.643 * 0.005 (UniRep) vs. 0.578 £ 0.007 in random split classification, MCC
0.273 £ 0.003 (ts3DDPD) vs. 0.192 + 0.009 in temporal split classification, Pearson
r 0.832 + 0.003 (UniRep) vs. 0.775 £ 0.005 in random split regression, and Pearson r
0.410 £ 0.003 (Zscale Hellberg) vs. 0.343 + 0.004 in temporal split regression.

In PCM, models using 3DDPDs performed similatly to using other protein descriptors
in classification tasks regardless of the split type (Figure 7.4a,c). One exception was
the temporal split classification task, here rs3DDPDs produced slightly worse perfor-
mance than models using Zscale Hellberg, Stscale, and MS-WHIM (MCC 0.273 % 0.003
vs. 0.273 £ 0.005, 0.278 £ 0.005 and 0.277 + 0.004, respectively, Figure 7.4c). In the
regression task with random split, models using 3DDPDs performed again similarly to
models using other protein descriptors (Figure 7.4b), with the exception of rs3DDPDs
performing slightly but significantly worse than Zscale van Westen (Pearson r 0.832 £
0.004 vs. 0.836 £ 0.004, respectively) and ps3DDPDs performing slightly better than
the UniRep protein embedding (Pearson r 0.835 £ 0.003 vs. 0.832 £ 0.003, respectively).
In the regression task with temporal split, however, both types of 3DDPDs outper-
formed the rest of the descriptors (Figure 7.4d). The performance of models trained
with non-dynamic protein descriptors measured as Pearson r ranged from 0.410 +
0.003 (Zscale Hellberg) to 0.415 £ 0.004 (PhysChem) passing by 0.410 * 0.006 (Zscale
van Westen), 0.410 £ 0.004 (MS-WHIM), 0.411 * 0.004 (UniRep), and 0.413 * 0.005
(Stscale). One-hot encoded rs3DDPDs performed significantly better than most of the
other descriptors, except for PhysChem, with a Pearson r of 0.417 + 0.004. Embedding-
like ps3DDPDs, however, significantly outperformed all the other descriptors, including
rs3DDPDs, with a Pearson t of 0.451 £ 0.003. These results were also confirmed in
terms of Root Mean Square Error (RMSE), which was the lowest for ps3ADDPDs (1.154
1+ 0.003) and then QSAR models on average (1.168 * 0.004), followed by rs3DDPDs
(1.214 £ 0.005) and then the rest of non-dynamic protein descriptors (from 1.124 *
0.005 to 1.221 * 0.006). A summary of all validation metrics is given in Supplementary
Table 7.2 (random split) and Supplementary Table 7.3 (temporal split).

In order to test the complementarity of the 3DDPDs with other protein descriptors,
a set of regression models was trained with temporal splits with pairs of dynamic and
non-dynamic protein descriptors (Figure 7.5). In all cases, the addition of a 3DDPD
on top of a non-dynamic descriptor resulted in similar performance to the models
trained exclusively using non-dynamic descriptors, or even slightly worse in the case
of PhysChem + rs3DDPD. Morcover, the combination yielded statistically worse per-
formance than using the dynamic descriptors alone, particularly in the case of ps3D-
DPD. This non-complementarity was further confirmed for ps3DDPDs by their exclu-
sion from the most important features for the combination models (e.g. ps3DDPD +
PhysChem, Supplementary Figure 7.5d), where only non-dynamic protein desctiptor
features and ECFP6 compound fingerprint bits were picked up as the top 25 most
important for the model. For ts3DDPDs, however, there seemed to be a certain com-
plementarity as both dynamic and non-dynamic protein descriptor features showed up
among the top 25 most important for the model (e.g. rs3DDPD + Zscale van Westen,
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Supplementary Figure 7.5c), even if this did not translate into an improvement in
model performance.
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Figure 7.5. PCM model performance with dynamic and non-dynamic protein descriptor combination
in regression tasks with a temporal split. In green, the performance of RF models trained on 3DDPDs.
In blue, RF models trained on non-dynamic protein descriptors. In green and blue, RF models trained
on a combination of both types. Zscale Hellberg and van Westen are abbreviated to Zscale H and vW,
respectively. The statistical significance of the differences is derived from pairwise Student T-test and
represented by asterisks: * = p-value < 0.05; ** = p-value < 0.01; *** = p-value < 0.001.

rs3DDPD features can be traced back to generic GPCR positions

A specific trait of one-hot encoded protein desctiptors is that every feature can be
traced back to specific protein sequence residues or MSA positions. For class A GPCRs,
the aligned positions can additionally be linked to generic positions in the GPCR struc-
ture with known functional relevance. The most widely used generic position identifier
for class A GPCRes is the Ballesteros-Weinstein (BW) schema®, which consists of a first
number identifying the TM domain followed by a second number that represents the
level of conservation in that helix around the most conserved position that gets the val-
ue 50. Using the GPCRdb*" MSA mapping to BW positions, the most important rs3D-
DPD features in regression models were traced back to their generic GPCR positions.

In the models built with a temporal split, four rs3DDPD features were among the top
25 most important (Figure 7.6a). The most important feature overall, 44223 PC3,
corresponded to the BW position 3.32 in TM3. For further interpretability, this generic
position can also be directly mapped to a specific residue in a protein of interest. As an
example, in AA1R 3.32 it translated to Val 87 (Figure 7.6b). The other three important
ts3DDPD features did not correspond to any BW positions, as two of them were locat-
ed in the ECL2 and one in the ECL3. From the three loop positions, only one exists in
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adenosine receptor Al, Asn 147 (44292 PC3). The two other ECL positions are only
available in other receptors (Supplementary Figure 7.1). In the models built with a ran-
dom split, the two most important t1s3DDPD features, 44728 PC2 and AA576_PC5,
corresponded to TM1 1.38 and TMG6 6.46 BW positions, respectively (Figure 7.6¢). In
AATR, these translated to Ile 15 and Leu 245 (Figure 7.6d). The other two important
rs3DDPD features correspond to positions in ICL3. Of note, the consensus between
seeds on the importance of specific rs3DDPD features was less marked on the models
with random split than on the models with temporal split (Figure 7.6a,c). This anal-
ysis was further applied to discuss the relevance of specific GPCR positions in ligand
binding.
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Figure 7.6. GPCR generic position mapping of most important rs3DDPD features in PCM regression
tasks. a) Top 25 most important features in PCM regression models using a temporal split validation
for the GPCR set. The importance was averaged across the ten random seeds trained and the SD
represented as error bars. Rs3DDPD features are mapped to their corresponding GPCR Ballesteros-
Weinstein number or, if not available, region of the protein. b) Representation of the most important
rs3DDPD features in regression temporal split in the adenosine Al receptor (PDB 5UEN). ¢) Top 25 most
important features in PCM regression models using a random split validation. d) Representation of the
most important rs3DDPD features in regression random split in the adenosine Al receptor).
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Dynamic fluctuations in mutants can be captured with 3DDPDs

To assess the viability of dynamic descriptors to capture differences between mutants
in a potential mutant PCM model, a subset of 28 mutants from five of the GPCRs in
our set was gathered: AATR and AA2AR, muscarinic acetylcholine receptor 2 (ACM2),
beta-2 adrenergic receptor (ADRB2), and CC chemokine receptor 5 (CCR5). The se-
lection of mutations was done for the original set of 26 GPCRs when there was avail-
able mutagenesis data in GPCRdb (Table 7.2), from which the point mutation’s effect
in bioactivity was projected for the five resulting receptors (Supplementary Figure
7.6). Additionally, five mutations on these GPCRs present in cancer patients from the
Genomic Data Commons (GDC) database were included that also had mutagenesis data
in GPCRdb: AATR R291C™¢ and R296C*', AA2AR H278N"+, ACM2 V4211, and
ADRB2 V317A7*, The cancer-related mutants, however, did not seem to have an effect
on bioactivity given the limited amount of mutagenesis data available.

The selected mutations were introduced in equilibrated wild-type (WT) receptor sys-
tems from GPCRmd, which were subsequently re-equilibrated to run production 500
ns MD simulations following the GPCRmd pipeline. One of the selected mutations did
not run successfully therefore it was discarded from the analysis (AA2AR H278N"42.
Most mutant trajectories showed deviations from WT trajectories in terms of RMSF
(Supplementary Figure 7.7), with the exception of AA1R and CCR5 mutants. The devi-
ations were sometimes in the vicinity of the mutation (i.e. AA2AR M177A>* N181A>%,
Y271A7®; ARDB2 D130N*#, S203A>%, V317A"+; ACM2 D103E**?, V4211.7%), but
most commonly spawned across the whole sequence or altered stability in distant re-
gions. For example, in AA2AR L.85A** increased flexibility in ICL.2 and ECL2 and
S91A** in ICL3 and TM6. Moreover, adjacent mutations that triggered different effects
were observed. For example, in ADRB2, S203A%* decreased stability in TM1, ICI.2, and
ECL3, while S204A>* decreased stability in TM2 and TM4 while increasing stability in
ICL3. Of note, in ACM2 D103E**? and D103N** triggered similar higher flexibility in
ECL1 and ECL2, with an overall differential pattern of lower stability in D103E**. In
general, the mutations with smaller dynamic fluctuations from the WT also correspond-
ed to those with a smaller effect in bioactivity, such as AATR R291C™*¢ and R296C**!,
and ADRB2 V317A"* (Supplementary Figures 7.6, 7.7).

Next, the power of 3DDPDs to distinguish between mutants was tested. rs3DDPDs
and ps3DDPDs were computed for the mutant trajectories and used to cluster the mu-
tants based on the distance between descriptors. As rs3DDPDs are computed inde-
pendently for each trajectory and reflect all atoms in the system, all mutants of the
same target clustered together (Figure 7.7a). Within targets, clusters of mutants with
similar overall dynamic behavior compared to WT were observed, for example, ADRB2
D79N*" and D130N**, or with similar fluctuations from WT in specific regions, such
as AATR R291C"*¢ and R296C*" in TM7 and H8/C-terminus (Supplementary Figure
7.7). For targets with unique differential dynamic patterns from WT for each mutant,
like ACM2, the clusters discerned the most different patterns (e.g. D103N*** shows
certain receptor stabilization compared to D103E*** and V4211, and is therefore
excluded from the cluster). These results supported the ability of rs3DDPDs to capture
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dynamic fluctuations in mutants. Nevertheless, the mutant discriminatory power of
rs3DDPDs did not correlate directly to that of using directly RMSF (Supplementary
Figure 7.8a) or RMSF differences to WT (Supplementary Figure 7.8b), which re-
inforced the notion that rs3DDPDs are not merely a transform of RMSF and include
other non-dynamic atomic information.
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