N

N

Deep Learning-Based Prediction of A. thaliana’s
MCTP4 Structure and Exploration of Transmembrane
Dynamics using Coarse-Grained Molecular Dynamics

Simulations
Sujith Sritharan, Raphaelle Versini, Jules Petit, Emmanuelle Bayer, Antoine
Taly

» To cite this version:

Sujith Sritharan, Raphaelle Versini, Jules Petit, Emmanuelle Bayer, Antoine Taly. Deep Learning-
Based Prediction of A. thaliana’s MCTP4 Structure and Exploration of Transmembrane Dynamics
using Coarse-Grained Molecular Dynamics Simulations. 2023. hal-04299464

HAL Id: hal-04299464
https://hal.science/hal-04299464

Preprint submitted on 22 Nov 2023

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est

archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-04299464
https://hal.archives-ouvertes.fr

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.04.552001; this version posted August 7, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Deep Learning-Based Prediction of A. thaliana’s
MCTP4 Structure and Exploration of
Transmembrane Dynamics using Coarse-Grained

Molecular Dynamics Simulations

Sujith Sritharan,™ Raphaelle Versini,* Jules Petit,” Emmanuelle Bayer, and

Antoine Taly*1

E-mail: taly@ibpc.fr

Abstract

Multiple C2 Domains and Transmembrane region Proteins (MCTPs) in plants have
been identified as important functional and structural components of plasmodesmata
cytoplasmic bridges, which are vital for cell-cell communication. MCTPs are endoplas-
mic reticulum (ER)-associated proteins which contain three to four C2 domains and
two transmembrane regions. In this study, we created structural models of Arabidop-
sis MCTP4 ER-anchor transmembrane region (TMR) domain using several prediction
methods based on deep learning. This region, critical for driving ER association,
presents a complex domain organization and remains largely unknown. Our study
demonstrates that using a single deep-learning method to predict the structure of mem-
brane proteins can be challenging. Our deep learning models presented three different
conformations for the MCTP4 structure, provided by different deep learning methods,
indicating the potential complexity of the protein’s conformational landscape. For the

first time, we used simulations to explore the behaviour of the TMR of MCTPs within


https://doi.org/10.1101/2023.08.04.552001

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.04.552001; this version posted August 7, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

the lipid bilayer. We found that the TMR of MCTP4 is not rigid, but can adopt vari-
ous conformations including some not identified by deep learning tools. These findings
underscore the complexity of predicting protein structures. We learned that combining
different methods, such as deep learning and simulations, enhances our understanding

of complex proteins.

INTRODUCTION

Plasmodesmata (PD) are intercellular channels found in plants that allow for the commu-
nication and transport of molecules between adjacent cells.!PD have a unique membrane
organization characterized by tight membrane contact sites, consisting of two concentric
membranes - the plasma membrane (PM) and the endoplasmic reticulum (ER)..! The regu-
lation of intercellular trafficking through these channels is essential for plant growth, devel-
opment, and defense against biotic and abiotic stresses.?

The ER-PM tethering machinery of membrane contact sites in plasmodesmata has been
hypothesised to play a crucial role in PD formation, reshaping, and proper function.!?
Members of the MCTP family are plasmodesmata-localised and act as ER-PM tethers.3These
tethering proteins selectively concentrate at plasmodesmata, bind membranes together, and
were hypothesised to control the exchange of information between cells.?

MCTP proteins consist of two transmembrane regions and three or four tandem C2
domains. The C2 domains act as PM docking sites through interaction with anionic sites,
while the transmembrane domain insert into the ER membrane. This structural organization
is essential for their function in PD. While C2 domains are relatively conserved and the 3D
structure is more easily accessible, the TMR presents a complex domain organization that
has not yet been elucidated.?

Recently, a variety of novel protein structure prediction tools, namely Alphafold and
RosettaFold, as well as new strategies based on large language models, including ESMFold

and OmegaFold, have emerged.* " These tools are powerful and trained to recognize evo-
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lutionary preserved structural motifs. However, they are also very recent, and we are just
beginning to understand their limitations. One such limitation is that membrane proteins
are underrepresented in the training datasets, which could lead to uncertain models. On the
other hand, new methods based on language models, such as the one developed by Lin et al.
(2022), are not limited by experimental data.” These methods employ the protein sequence,
potentially generating more accurate predictions for membrane proteins.

Despite these challenges, in this study, we employed several available deep learning algo-
rithms in the literature to test for convergence, aiming to overcome potential limitations and
obtain reliable predictions for the MCTP4 ER-anchor TMR domain. First, we generated
different models using various deep learning-based prediction tools, such as Alphafold(AF),
Alphafold multimer(AFM), RosettaFold(RF), Tr-RosettaFold(TR), ESMFold(ESM), and
OmegaFold(OF)..*® We compared the results of these different prediction tools to ensure
the reliability of the generated models. Finally, we employed molecular dynamics (MD)
simulations with Martini 3 coarse-grained force fields and principal component analysis. We
examine the structure and temporal flexibility of the TMR, as well as its behavior within a
lipid bilayer. We find that MD explores the conformational space sampled by DL tools and

beyond.

MATERIAL AND METHODS

Jupyter Notebook

All of the analysis and data used in this study have been documented and made available for
reference and reuse. These scripts are hosted in Jupyter Notebooks, a popular open-source
web application that allows for the creation and sharing of documents. The notebooks can be
accessed from the associated GitHub repository at https://github.com/Jouffluu/Molecular-
modelling-MCTP.
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Predicted Models

The three-dimensional structure of the full-length Arabidopsis thaliana MCTP4 also called
FT-interacting protein 4 (Uniprot: QIC8TM3) was obtained using deep-learning prediction
tools. We utilized Alphafold (version 2.2),,* Alphafold multimer (version 2.2),® Omegafold
(version 1.1.0),° and ESMfold (version 1.0.3),'° which were run on a local cluster. For
Rosettafold, we used the public webserver (https://robetta.bakerlab.org/submit.php),®> and

for Tr-rosetta, we utilized the webserver (https://yanglab.nankai.edu.cn/trRosetta).®

System preparation

We utilized the Charmm GUI web server for system construction and mapping of atomistic
structures to the coarse-grained (CG) Martini 3 models.'! We selected residues 550:776 for
our simulations, which encompassed 50 residues preceding the transmembrane domain, the
transmembrane (TM) helix domains (600:750), and extended to the end of the protein. To
probe the stability of the TM helix, we conducted simulations in PIPC/PIPE (80:20) bilayer
membranes. Each model was oriented using the PPM server, incorporating the topology of
the N-terminus of the first chain from the PDB file.'? Each system was subsequently solvated

in water and neutralized, and 0.15 M NaCl was added.

CG-MD simulations

In all simulations, GROMACS 2021.5 simulation package was used with the Martini 3 force
field.'® The protocol consisted of an initial energy minimization phase, followed by a
multi-stage equilibration process, and concluded with a production simulation. Energy min-
imization was carried out for two iterations of 5,000 steps each using the steepest descent
method. The simulations were subsequently equilibrated through five stages, employing time
steps of 2, 5, 10, 15, and 20 fs. A target temperature of 300 K was maintained with the

v-rescale thermostat, with a coupling constant of 1 ps. An semiisotropic pressure of 1 bar
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t,1° with a compressibility of 4.5 x 10-5

was maintained using the Parrinello-Rahman barosta
bar-1 and a relaxation time constant of 12 ps. Long-range interactions were treated with a
cutoff radius of 1.1 nm for both van der Waals and Coulombic interactions, using a switching
function from 1.0 nm for van der Waals. The production simulations were performed using
an NPT ensemble with a time step of 20 fs for a total simulation time of 3 microseconds.

Multiple replicates were conducted for the system, and the final phase of the simulation was

executed with no restraints.

Contact analysis

To quantify contacts between transmembrane (TM) helices among the different models pre-
dicted by the algorithms, we used the MDAnalysis library to calculate distances between
the centers of mass of the residues.®!” During the simulations, contacts between the beads
representing the helices were defined using a cutoff distance of 12 A, and contact occupancies
were calculated for each bead pair. Subsequently, a contact map was generated using the R

language for statistical computing (R Core Team, 2022) for each model.'®(data not shown)

Principal Component Analysis and Clustering

To reveal the most important motions in the TM helices, we employed principal components
analysis (PCA) using the tools provided in the GROMACS software package. 3For all models,
we first fitted the trajectories where the transmembrane (TM) helix part was stable within
the membrane for 3 microseconds to ensure that the phosphates of the membrane remained in
the same position. We then concatenated these adjusted trajectories. The covariance matrix
was calculated on the backbone atoms of the residues located under the membrane (HP1 and
HP2). The first two principal components were then plotted using the matplotlib library
for statistical visualization.!® The results of the PCA were clustered using the K-Medoids
method. Utilizing the KMedoids class from the scikit-learn-extra library,?° we specified five

clusters for categorization. We determined this optimal number of clusters using the elbow
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method. After fitting the model to the PCA data, the coordinates of the cluster centroids

were determined.

Data analysis and visualisation

Some basic analysis tasks, such as the calculation of the root mean square deviation (RMSD)
or the distances between centers of the geometry of the two helices, were performed using the
tools provided in the GROMACS 2021.5 software package.'® For visualization purposes, we
constructed a density plot to provide a view of the distribution of data points within the first
two principal components (PC1 and PC2). More complex analyses, such as the tilt angle
calculation, were implemented in the Python programming language with extensive use of
the MDAnalysis (https://github.com/rversin/MD-TMtools). VMD?! were used to visualise

the trajectories and ChimeraX was used to analyse alphafold output.??

RESULTS

Models of MCTP4 ER-TMR domain

We generated six models of MCTP4 ER TMR domain using six different prediction meth-
ods, in addition to a partial model of MCTP4 TMR domain previously constructed by
Modeller and used as a reference.?® This work utilized bioinformatic tools, hydrophobic
clusters analysis and molecular dynamics, to delineate transmembrane helices within the
MCTP4 protein.?® We decided to use the resulting definition of membrane domains. There-
fore, we extracted the 550-776 region from each model. We previously identified five putative
subdomains within the approximately 200-residue sequence of MCTP4 transmembrane do-
main (TMR). These subdomains include an N-term amphipathic helix (APH1), a putative
transmembrane domain (TMDO0), a hairpin transmembrane domain (HP1) composed of two
transmembrane helices (TM1 and TM2), a second, longer amphipathic helix (APH2), and

another hairpin transmembrane domain (HP2) which is also composed of two transmembrane

6
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helices (TM3 and TM4).2? These subdomains are illustrated in Figure 1.
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Figure 1: a) MCTP4 TMR having 5 elements: 2 transmembrane hairpins (HP1 and HP2)

and 3 amphipathic helices (AH1, TMO0 and AH2). b) AF MCTP4 model oriented in the lipid
bilayer by OPM server.

Subsequently, an alignment and Root Mean Square Deviation (RMSD) calculation were
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performed on the extracted regions and on the whole model. The results of this analysis are

displayed in Table 1 and Figure 3(g-i).

Table 1: RMSD values for the transmembrane domain (550-776) (upper half) and for the
alpha carbon of entire models (lower half). For each pair of models, the RMSD value is
indicated for each measurement.

AF AFM Rose Tr-rose Esmfold Omegafold

AF 0 13.23 1429 13.55 14.28 15.63
AFM 8.03 0 6.18 3.07 5.57 15.67
Rose 18.04 16.58 0 6.56 8.13 16.17
Tr-rose 8.75 443 17.16 0 4.95 15.37
Esmfold 16.11 15.13 19.28 13.35 0 16.13
Omegafold 26.40 27.00 27.00 27.37 31.33 0

The PLDDT score was used to assess the confidence of the 3D structure prediction
algorithms. A low PLDDT score indicates low confidence in the 3D structure, while a high
score indicates higher confidence. Confidence scores varied among the models, particularly
in the membrane region, as illustrated in Supplementary Figure 6. Among the prediction
methods, ESM appeared to be the most confident in its predictions for both TM domains,
while AlphaFold (AF2) seemed to be less confident in the HP2 domain compared to the

other methods (Figure 2). The other methods showed relatively high confidence in their

predictions.
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Figure 2: Evaluation of model predictions using the pLDDT score as a function of residues
in the HP1 (left) and HP2 (right) regions. The curves of different colors represent models
predicted by various prediction methods: AlphaFold (AF, red), OmegaFold (OF, blue), TR
(green), ESM (yellow), and AlphaFold Multimer (AFM, magenta)
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When comparing the contact maps, which are two-dimensional representations of three-
dimensional structures,?* of the models predicted by each method, we observed that ESM,
TR, RF, and AFM predictions showed a similar pattern (Figure 3 a-b,d-e). In these confor-
mations, the TM2-TM3 helices (615-635, 715:735) were found to be in close proximity. On
the other hand, the models made by AF2 and OF displayed different conformations in the
membrane domain. In AF2’s model, the TM2-TM3 helices were separated by more than 8
angstroms with almost no contact (Figure 3e/i). Furthermore, it’s root mean square devia-
tion (RMSD) was high, over 13 angstrom, compared to other models (Table 1). This shows
that AF2’s model was quite different in terms of structure. When looking at the conformation
obtained by OF, the close connection was between helices TM1 and TM4 (residues 600:615,
735:750), as seen in Figure 3f/h. OF’s model also had a high RMSD, around 15, compared
to the other models (Table 1). These large RMSD values and different helix arrangements

highlight the range of protein conformations predicted by different methods.
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Figure 3: Contact maps between the residues of transmembrane HP1 and HP2 of different
protein structures: a) ESM, b) AFM, ¢) AF, d) TR, e) RF and f) OF. The distances were
calculated using the alpha carbon atoms. Heat map coloring indicates the distance between
residues, ranging from dark purple for short distances to white for longer distances(12 A).
g) superposition of ESM, AFM, TR and RF transmembrane domain models. h) and j) are
OF and AF transmembrane domains.

Dimers

We wanted to determine whether the ER-domain of MCTP4 has the potential to form
dimers. The analysis of the dimer produced by Alphafold multimer revealed that intra-
subunits contacts were similar to those found in the ESM, RF, and TR models. In the
TMR, contacts are found between the M1 helix of one monomer and the M4 helix of the
other one (Figure 4 a/c). Furthermore, the algorithm exhibits high confidence in the intra-

domain but also in the inter-subunits-interactions (Figure 4 b/d).
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Figure 4: a)AlphaFold multimer prediction of TMR MCTP4 protein. The HP1 domain is
represented in orange and the HP2 domain in purple. The pLDDT score between residues
of interchain domains is represented by lines, with the blue color indicating a high score.
b) Predicted Aligned Error (PAE) for the MCTP4 dimer. PAE provides an estimate of the
error in the predicted alignment of residues. ¢) Inter-chain contact map of TMR. d) Close-up
view of the PAE for the TMR of MCTP4

In every model, the MCTP4 TMR incorporates two hairpins predicted to be in the
bilayer membrane. While four of the models converge on similar arrangements and distances
between the hairpins, two models provide notably different configurations. To investigate
the stability of each model and whether they would interconvert, we studied them using

molecular dynamics simulations.
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Molecular Dynamics Simulations

We performed coarse-grained molecular dynamics simulations with the Martini 3 force field,
to investigate the behaviour of the TMR domains of each model, produced by the deep
learning methods, included in a lipid bilayer that mimics the composition of the ER, as
detailed in the materials and methods section. Ten replicates were conducted for each
model, each lasting 3 microseconds. During the initial replicates, we observed that certain
TM domains (HP1 or HP2 or both) exited the membrane, which could potentially introduce
variability in our analyses (see Supplementary Material 9). To ensure consistency, we decided
to exclude these simulations from our analysis. We then repeated the simulations until we
obtained four simulations for each starting model, where the TM domains remained inside
the membrane throughout the entire simulation. This approach allowed us to obtain a
consistent dataset for further analysis.

Interestingly, out of the four simulations conducted for each of the AF2 and ESM models,
one simulation from each model exhibited significant variations in the distances between
the TM2 (HP1) and TM3 (HP2) helices during the simulation, with both proximity and
separation observed. Despite these movements, these particular simulations demonstrated
stability within the membrane, indicating that the helices were not confined to a single
conformation (see Supplementary Materials 9). This also show that the system’s movement
was not ballistic, which suggest that the simulations might have converged to equilibrium.

To gain a deeper understanding of the dynamic behaviour of these helices within the
membrane, we conducted further characterization using principal component analysis, to

get insights into the conformational dynamics of TM domains in lipid bilayer membranes.

Principal Component Analysis and Clustering

We employed principal component analysis (PCA) as a statistical method to elucidate the
most significant motions of the TM helices within the lipid bilayer. In PCA, the Cartesian

coordinates (X, Y, Z) of each atom were used as descriptors to capture the accessible degrees
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of freedom of the protein. Specifically, we selected the residues of the TM helices located in
the membrane to perform the PCA. The resulting conformations from the simulations were
projected onto the first two principal components, which accounted for 49% of the variabil-
ity observed in our simulations (see Figure 5a). Each data point in the figure represents
a conformation from the trajectory of an MCTP TMR model obtained through different
methods, with the respective starting points of each model also displayed. Despite distinct
starting points for each model, the conformations generated by the simulations appear to
convergence towards two distinct basins (see Figure 5¢). The main basin regroups the four
similar models (ESM, RF, TR and AFM) and most of the structures including some coming
from simulations started from AF2 and OF. The second basin does not include any of the
starting structures but is formed by structures extracted from the simulations started from
various models (AF2, ESM, RF and TR).

To identify the centers of these basins, we performed clustering using the k-meloids
algorithm on the two principal components extracted from PCA. This allowed us to identify
five distinct clusters within the conformational space (see Figure 5b). From each cluster, we
extracted representative structures that best represented the characteristics of that particular
cluster.

For the first cluster (Cluster A), we obtained a representative structure that closely
resembled the initial ”consensus” starting point of the simulation. This cluster is part of the
main basin, suggesting that the simulation explored a conformational space similar to the
initial structure throughout most of the simulation time.

In the second cluster (Cluster B), we obtained a representative structure that exhibited
significant structural changes compared to the initial starting points. In this structure, helices
TM2 are in contact with both TM3 and TM4 helices, which is novel and not captured by
deep learning methods (see Figure 5d). This suggests that the simulation explored a different
conformational space and underwent substantial structural rearrangements.

In the third cluster (Cluster C), which is also part of the main basin, the representa-

13
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tive structure shows contacts corresponding to the TM1-TM4 and TM2-TM3 helices. This
indicates a unique conformation not present in the initial models, further highlighting the
simulation’s ability to explore alternative conformations.

For the cluster four, (Cluster D), the representative structure illustrates contacts between
TM1-TM3 and TM1-TM4 helices. This suggests a distinct conformation, emphasizing the
diversity of conformations accessible to the system.

Finally, in the fifth cluster (Cluster E), the representative structure corresponds to a
conformation where the TM domains are separated (5d). This suggests that this simulation
explored a wider range of conformational space, further highlighting the dynamic nature of

the system under study.
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Figure 5: Principal Component Analysis (PCA) plots, clustering and density representation.
a) The plot shows a projection based on the first two principal components (PCs) from
a PCA. Large points represent the starting points of each simulation for each model, and
small points are conformations generated by the simulation in each model. Each model is
represented by its own colour: AlphaFold (AF, red), OmegaFold (OF, blue), TR-rosetta
(TR, green), ESMFold (ESM, yellow), and AlphaFold Multimer (AFM, magenta). b) The
centroids of each basin have been determined using the K-means clustering method. c) A
density plot showing the projection of the two PCs, where each point corresponds to the
starting point of each model. d) The representative structure of a basin is shown with a
contact map corresponding to contacts between transmembrane domains.

N

The PCA and clustering analysis have provided deeper insights into the structure and
dynamics of the MCTP4 TMR. Our findings indicate that the MCTP4 TMR is not rigid,
but displays substantial potential for structural rearrangement within the bilayer. There’s
a prominent convergence towards two main conformational basins, signifying two key struc-
tural states that the TMR can adopt. Furthermore, we identified certain novel helical con-
tacts, implying that the MCTP4 TMR can explore a broad conformational space. This

underscores the dynamic and versatile nature of the MCTP4 TMR in its biological context.
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Discussion

Our study revealed that the MCTP4 TMR domain, located within the ER, consists of two
hairpin, each containing two helices. These hairpin are deeply embedded within the lipid
bilayer of the ER. The arrangement of these hairpins and their proximity to each other varied,
reflecting the complexity and dynamism of the MCTP4 TMR structure within ER-mimicking

bilayer.

Exploration of the conformational landscape by deep learning mod-

els.

In this study, we generated six distinct models of MCTP4 TMR using various prediction
methods, which allowed us to explore the conformational landscape of the protein. Notably,
PLDDT scores revealed varied confidence levels in the predictions of MCTP4’s TMR 3D
structure, with ESM showing the highest confidence in its predictions for both TM domains.
It is interesting to note that four of the prediction methods (ESM, TR, RF, and AFM)
converged on a similar MCTP’s transmembrane domain, where helices TM2 and TM3 are
in close proximity. This suggests that this particular conformation might be a reliable
representation of the protein’s actual structure. However, AF2 and OF produced distinct
models with different helical arrangements. These divergences could indicate the flexibility of
MCTP4 TMR and the presence of alternative conformations. This also raises the importance
of using multiple prediction methods in parallel to explore the conformational landscape of
a protein. By relying on a consensus among several methods, we can potentially obtain a
more accurate and reliable picture of the protein’s structure.?® This approach is particularly
relevant given the complexity of protein structure prediction and the possibility that different
tools have complementary strengths and weaknesses. By combining the results, individual
errors can be mitigated, and more robust conclusions can be drawn regarding the likely

structure of a protein.
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Molecular Dynamics Simulations
Simulations Behavior with Martini 3

During our simulations, we investigated the dynamic behaviors of the TM helices of MCTP4
within a lipid bilayer membrane designed to mimic the composition of the endoplasmic
reticulum. With Martini 3, we were able to observe TM Helices that show spatial flexibility.
Nevertheless, among the 10 replicas for each model, we observed a diverse range of helix
behaviors within the membrane. Some helices were coming out of the membrane (Supple-
mentary Material Figure 10-15). Consequently, we repeated the simulations multiple times
to obtain a consistent and stable set of results within the membrane. In order to ensure
the reliability of our analysis, we excluded simulations in which the TM domains exited the
membrane. The Martini 3 force field has been developed in part to solve the issue identified
with martini2, that tends overestimate protein-protein interactions.!* However Martini3 is
conversely associated with too hydrophobic alpha-helices. Therefore modifications to the
scaling of interactions within the Martini 3 force field have been proposed to solve this issue.
Thomasen et al., proposed adjusting protein-protein interaction parameters to 88% of their
original value in the Martini 3 force field.?6 The authors found that this scaling leads to
results that are closer to experimentally observed protein-membrane interactions, compared
to a different scaling factor that modifies protein-water interactions. This did not solve the

issue in our case (data not shown).

The plus of Molecular dynamics run on top of Deep-Learning Models

Three starting points were generated by deep learning methods and for each model, 4 times
3us simulations were launched. This allowed the exploration of a conformational landscape
with two basins. The center of the first basin is very close to the conformation majorly found
by deep learning algorithms. However, the other clusters present representative structures

with contacts that are not found in deep learning methods, suggesting that with MD sim-
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ulation, we were able to explore new conformations which are not found by deep learning
methods. It’s also interesting to see that the AF2 and OF models start right at the edge of
the consensus basin and then move into it. This shows how useful it is to use the physics-
based MD simulations together with models made by deep learning. By using both methods,

we can benefit from their respective strengths and attain a more robust result.

Monomer versus Dimer contacts

Analyzing the predictions of deep learning models, we have observed significant differences
between the TMR models of AF2, OF, and those that have converged, namely RF, AFM,
TR, and ESM.

In the TMR model of AF2, the two helices of each transmembrane hairpin do not come
into contact. This feature stands in stark contrast with those observed in other models.

In the TMR model from OF, it’s noteworthy that helices TM1 and TM4 are in contact.
Similarly, the converged models exhibit a distinct contact between helices TM2 and TM3.

This analysis thus reveals a variety of structural configurations predicted by different deep
learning models, underscoring the complexity of transmembrane interactions of MCTP4.

Through the use of coarse-grained molecular dynamics simulations, we found that the
interaction between TM2 and TM3 tended to be more stable. This observation is supported
by our density map, which reveals two distinct basins. Models that display these interactions
are predominantly found in the larger of the two basins.

In contrast, the models produced by AlphaFold (AF) and OpenFold (OF) are positioned
away from these basins. This positioning suggests that these models may represent an
intermediate state. Further insights can be gleaned from studying the dimeric form of the
protein.

Interestingly AF2 and AFM provided different results. This prompted us to explore
further the difference. Noteworthy, AF2 showed significant deviations and obtained a low

PLDDT score, particularly in the TM regions. This implies that AlphaFold’s monomeric
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predictions are not always reliable or accurate for certain protein domains. The variation
observed between monomeric and multimeric predictions could indicate that the formation
of the dimeric structure involves additional interactions or structural rearrangements not
captured in the monomeric prediction. A key capability of AF2 is to allow the prediction of
contacts from sequence alignments.?”?® The relationship between sequences and contacts is
however partially ambiguous, which has been shown in the case of conformational changes.
This in turn triggered the creation of strategies to explore the conformational landscape
with AF2 and RoseTTAFold.?% 34 It is therefore tempting to speculate that evolutionary
signals are not necessarily captured by AlphaFold’s monomeric models for membrane proteins
that form homo-oligomers. In the case of AF2, the model might be subject to conflicting
constraints corresponding to intra-subunit and inter-subunit contacts. In agreement with
that observation, the inter-subunit contacts between TM1 from one subunit and TM4 helix
from the other subunit are evaluated to be positive (Figure 4).

The model produced by OF shows contacts between TM1 and TM4 helices that rather
appear to be inter-subunit contacts with AFM. This is coherent with the notion that there
are conflicting constraints, based on coevolution, corresponding to intra-subunit and inter-
subunit contacts in homo-oligomers, in particular using a monomeric prediction tool such as
OF. Interestingly, the exploration of this model with a physics-based method like molecular
dynamics could help resolve these conflicting constraints.

Finally, predicting the structures of multimers is a complex task, as assessing inter-
faces increases the difficulty compared to monomers. This raises a debate on whether to
treat interfaces separately, as suggested by Zhu and colleagues.®® Furthermore, this leads to
the question of whether multimeric proteins should be modeled as monomers or oligomers.
Oligomeric proteins could benefit from more precise treatment as oligomers rather than
monomers, as part of the evolutionary pressure or signal might be associated with interfaces.

Overall, our study on the MCTP4 protein’s transmembrane domain showed that predict-

ing protein structures is complicated and needs a mix of methods. By using different tools,
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including deep learning and MD simulations, we got a detailed view of how this part of the
protein moves and changes conformation. We also learned that it’s crucial to think about
how proteins group together and that simple models like AlphaFold might not always get
it right. This study shows that using multiple approaches is key to understanding protein

structures, especially for the parts that are in cell membranes.
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Table 2: Statistical information on each model from OPM server. 2

Models  Tilt Depth

AF 15+0° 272+ 12A
AFM 40 +£0° 312+ 0.7 A
OF 37 +4° 312+ 08A
ESM 344+ 0° 278 +24 A
RF 724+ 1° 178+ 1.2A
TR 33+2° 308+1.1A
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Figure 6: Evaluation of model predictions using the pLDDT score. The curves of different
colors represent models predicted by various prediction methods: AlphaFold (AF, red),
OmegaFold (OF, blue), TR (green), ESM (orange), and AlphaFold Multimer (AFM, purple)
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Figure 7: Variance explained by each Principal Component (PC) in a Principal Component
Analysis (PCA).
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Figure 8: Projection of the first principal components (PC1 against PC2, PC3 and PC4).
Each point represents an observation. Colors represent different models: Aqua for Rose,
Lime Green for TR, Violet for AFM, Gold for ESM, Navy Blue for OMEGA, and Red for
AF2
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Figure 9: Distance between HP1 and HP2 domains over the course of an AlphaFold simula-
tion.
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Figure 10: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the AF model
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Figure 11: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the AFM model
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Figure 12: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the RF model
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Figure 13: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the TR model
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Figure 14: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the OF model
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Figure 15: Distance of the center of mass along the Z-axis for the HP1 and HP2 domains of
the ESM model
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