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The melting point of a protein characterizes its thermal stability, a critical factor in determining its suitability for various
applications. For example, Ideonella sakaiensis produces a plastic-degrading enzyme, polyethylene terephthalate hydrolase,
capable of breaking down polyethylene terephthalate (PET). However, the enzyme’s low thermal stability limits its potential
for industrial use. To address this, we fine-tuned a pre-trained protein language model to predict thermal stability based on
protein sequence and identified mutations to improve stability. Two mutant proteins were designed and evaluated using molecular
dynamics simulations. While the simulations revealed that the mutated proteins were less stable than the wild-type, this outcome
highlights the complexity of accurately predicting mutation effects on protein stability using sequence-based models. Our findings
underscore the need for further refinement of computational tools and the need for more comprehensive datasets to enhance

protein engineering for industrial applications.
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Introduction

Polyethylene terephthalate (PET) is a polymer made from the
polymerization reaction of ethylene glycol and dimethyl tereph-
thalate, and it is one of the most common single-use plastics due
to its low cost and strength'l, Additionally, because PET is not
biodegradable, taking years to decompose, its buildup in land-
fills and as litter poses a threat to the environment=. This is due
to the fact that as PET accumulates, it leads to the production of
greenhouse gases like CO2 and other organic compounds that ac-
celerate global warming, most commonly methane®. Although
recycling of PET is possible through heat reprocessing, this
alters the desirable mechanical properties of PET. Furthermore,
chemical recycling is not viable because of its high cost>.
Ideonella Sakaiensis, which was discovered in 2016 by
Yoshida and collaborators®, is a bacterium that can use PET
as a carbon source. The enzyme responsible for PET degrada-
tion, PETase (IsPETase), has been found to be more efficient
and stable than other enzymes that can degrade PET®. However,
the PETase enzyme does not have a very high thermal stability,
with a melting temperature (7},) of 45°C, which makes it lose
most of its activity within 24h at 37°C. This poses a problem
for it to be effectively used in PET degradation at an industrial
scale7. Because of this, many scientists have researched rational
protein engineering techniques to increase thermal stability.
Current research focuses on laboratory methods for either im-
proving the efficiency of the enzyme or its stability. Most forms
of research for making thermostable IsPETase involve protein

engineering techniques with replacing amino acid residues to
increase the number of contacts within the protein, via hydrogen
bonding, in order to increase the 7;, or post-translational modi-
fications like glycosylation to improve the thermal stability®.

In this research paper, we aim to predict point mutations that
can improve the thermal stability (TS) for I. Sakaiensis PETase
using a pre-trained machine learning (ML) model and molecular
dynamic (MD) to assess the effects of these variations in silico.
The advantage of doing it computationally is that we can use
MD to control the environmental conditions without incurring
the costs and extensive work required for setting up mutagen-
esis and thermal stability analysis in the laboratory. Although
researchers have used computational methods to predict the TS
of the protein, due to the high structural complexity of enzymes
like IsPETase, these methods struggle to predict melting points
accurately. For example, Yang et al proposed ProTstab2¥, a
ML model based on substantial calculations to collect thousands
of protein features that will be used to train the algorithm, this
increases the complexity of the model and makes it prone to over-
fitting. Additionally, other methods have been tried to predict
protein TS, including analyzing the protein length and hydrogen
bonding™ 2 but they perform worse when trying to predict the
effect of single amino acid substitutions. This occurs due to a
lack of experimental data, since many factors that may influence
protein stability, no matter how subtle, will be difficult to detect
unless many samples have been analyzed. Other approaches
include the use of the state-of-the-art structure-prediction-model
AlphaFold to predict protein stability, with little success, mainly
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because AlphaFold is primarily designed for predicting protein
structures rather than accurately modelling the subtle effects of
mutations on stability and since it was trained on a database of
experimentally resolved structures suffers from a lack of diver-
sity on its training dataset'?. To overcome these challenges, we
propose the fine-tuning of a transformer protein language model
developed by Facebook research!#1> that has been pre-trained
on hundreds of millions of unlabelled protein sequences in an
unsupervised manner, so it can learn the fundamental properties
of proteins by itself. Afterwards, by running MD simulations on
wild-type and mutant proteins, we can test our predictions on
data from the ML model by seeing if the mutant protein shows
an increase in the compared stability.

Methods

MD Simulations

Molecular Dynamics (MD) simulations were used to assess
the TS of our enzyme. The system was parameterized using
the Amber99SB-ILDN® force field for proteins, solvated with
the TIP3P water model” and neutralised in 0.15 M of NaCl.
In order to compare the stability of the protein two simula-
tions, systems were run at the temperatures of 300K and 400K
for 100ns. All simulations were carried out with GROMACS
20218 These simulations were used to calculate the Q-value,
which gives information on how much of the protein structure is
retained after the simulation time. This was calculated using the

soft cut function described by Best et al''® and implemented in
MDAnalysis?Y:
() =+ m
QUr0) = 15

where r and ry are the contact distances at time ¢ and time
t =0, respectively. B is the softness of the switching function,
and A is the reference distance tolerance, setto 5 A~! and 1.8
A, respectively.

The Q-values were calculated for all inter- and intra-
combinations of three groups:

* Hydrophilic: D, E, Q, N, R, K, H
* Hydrophobic: F, Y, W,L, VLM, C, P
e Small: G, A, S, T

Evidence shows that the average Q-value over MD simu-
lations correlates well with protein 7;, when run at a higher
temperature, specifically at 400K. Furthermore, this correlation
is best when the Q-value is calculated for the hydrophilic versus
all residues?!’,

Protein language model fine-tuning

We used a pre-trained transformer protein language model
(PLM) ESM2 of 35 million parameters. The model consists
of a modified BERT-like encoder transformer architecture with
12 layers with 20 attention heads each'>. We fine-tuned the
model using the Meltome atlas database of protein melting tem-
peratures“2. The finetuning was run using the Kaggle notebook
platform with GPU acceleration (https://www.kaggle.com). Due
to memory limitations, the sequences longer than 512 amino
acids were omitted from the database leaving a dataset of 22971
proteins. This dataset was split into train, validation, and test
sets (80%, 10%, and 10% of the total database respectively).
The model was trained for 10 epochs, and the best model was se-
lected at the end of training using the validation loss as a metric.
Additionally, mean absolute error (MAE), mean square error
(MSE), and R? metrics were calculated to assess the accuracy of
the regression and for comparison with similar methods. MSE
was calculated by adding the squared errors and dividing by
the number of data points then taking the square root (Eq. 2).
Likewise, the process for MAE was done without the squaring
and square rooting and just taking the absolute value of the
average of the errors (Eq. 3). The R? error was calculated using
the standard formula for finding the coefficient of determination
(Eq. 4). The 95% confidence interval (CI) was calculated by
resampling the test set using bootstrapping with 5000 iterations.
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Results & Discussion

Metric Fine-tuned PLM (95% CI) ProTstab2
MSE 47.59 (43.99-53.94) 82.752
MAE 5.08 (4.82-5.22) 6.934
R? 0.63 (0.59-0.675) 0.580

Table 1 Comparison of metrics for the fine-tuned PLM and ProTstab2

We fine-tuned the best model for 10 epochs and after the third
epoch the model’s accuracy did not improve any further, at the
end of training the best model was chosen based on the MAE.

We performed a deep mutational scan predicting the 7, of
every possible single-point mutant, excluding the residues in
the binding site (Y87, W159, S160, M161, W185, C203, D206,
1208, H237, S238, C239, N241, R?80) (10). and found that
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Fig. 1 Graph showing the melting temperatures of the various mutants along the protein sequence.

Fig. 2 IsPETase (PDB ID: 6ILW) enzyme with mutated residues (top:
10 best, bottom: iterative 10) highlighted in red.

even the best mutants had a very slight increase compared to the
wild types. For the best mutant, our model predicted a 7;,, no
more than 2°C higher than the 7, predicted for the wild-type
protein (54.49°C vs 52.8°C respectively). We calculated the
Q-values of two multiple mutants with ten modifications using
molecular-dynamic simulations. One of the mutants was gener-
ated by taking the 10 best substitutions predicted by the model
(N30W, E44R, P49R, T51R, T72R, N73R, G75R, G76R, G163Y,
E274Y) and the other by iteratively modifying the protein 10
times (T73R, P86W, WI97D, G991, G2551, E275Y, S279C), the
ML model was used to predict the most favorable single mod-
ification at each step. After applying each modification, the
mutated protein was fed into the model to predict the next opti-
mal modification. As shown in Table 2, the wild-type proteins
showed a higher Q-value than the mutant protein between each
combination of amino acid groups. The most contact preserva-
tion in both mutant proteins at 400 K, was between the small
amino acids, which had a Q value of around 0.78 and 0.89 for
the 10-best and iterative-10 mutants respectively. However, the
Q value in the original wild-type protein was 0.89 on average,
implying that no improvements were seen in the preservations in
native contacts for the mutant protein over the wild-type protein.

Pre-trained protein language models have been successfully
applied to several tasks, such as structure prediction, effect of
variants on protein function, and prediction of binding residues,
either with or without ﬁne-tuning, and they seem able to
generalise better for downstream, complex tasks if some extra
data is provided for fine-tuning.

Compared to a previously published thermal stability ma-
chine learning model, which was trained on the same dataset
(ProTstab2) (11), our model had a lower MSE and MAE, as
well as a higher R? value, indicating greater accuracy and better
correlation than the existing model on the test dataset.

The predicted mutants obtained from the PLM did not show
any improvement in the TS over the wild-type protein. There are
several potential reasons why the model failed to predict an im-
proved protein. Namely, models trained using wild-type protein
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Wild-type

Mutant 10-best Mutant iterative-10

hydrophobic-hydrophobic  0.86 +0.08
hydrophobic-small 0.87+0.06
hydrophilic-hydrophobic ~ 0.79 +0.07
hydrophilic-hydrophilic 0.82+0.06
hydrophilic-small 0.80+0.06
small-small 0.89+0.06
all-hydrophobic 0.85+0.06
all-hydrophilic 0.82+0.05
all-small 0.85+0.06
all-all 0.86+0.07

0.75+0.13 0.85+£0.07
0.77+0.10 0.86£0.05
0.68+0.11 0.75+£0.06
0.70£0.11 0.79+£0.06
0.69+0.11 0.76 £0.06
0.78+0.11 0.89+£0.06
0.76+£0.10 0.84+0.05
0.73+£0.09 0.80£0.05
0.76 £0.09 0.84+0.05
0.74+0.11 0.84+£0.07

Table 2 Q values for each type of contact between different amino acids in both the wild-type and mutants, plus-minus the standard deviation of

the mean across all the simulations.

libraries, such as the one we used in this work, are designed to
predict certain properties of a natural sequence, which does not
align with the task of predicting the properties of an engineered
protein. One example of this is a recent work using AlphaFold,
a model trained to predict the structure of proteins, to predict
the effect of point mutations on protein stability which resulted
to be quite inaccurate (14). Recently, Chu et al“® used a similar
approach by finetuning the ESM2 protein language model but
fine-tuned it to predict general stability (folding AAG) for small
protein domains, which generalized well for small proteins not
in the dataset, being not as accurate with the larger ones like the
enzyme used in this study.

Additionally, even if a model can predict the effect of a single-
point mutation, this does not mean that the predicted effect of
several mutations will be additive. For example, if mutation
X and Y each improve the T, of a protein, it does not mean
that mutations X and Y used in combination will improve the
T,, of a protein even more. This is because these amino acids
can interact in non-trivial ways that are not captured by the
algorithm31.

Additionally, when fine-tuning the model for 10 epochs we
observed that after the third epoch, we did not see any improve-
ment in the validation loss, but the training loss kept improving,
which tells us that after that the model’s goal changed from gen-
eralising the problem of predicting the sequence T;, to aligning
the results as much as it can with the given data. This behaviour
of the model overfitting after a few epochs shows that either the
complexity of the model is too high, the dataset is too small,
or more likely a combination of the two since more complex
machine learning models need more data to learn properly=Y.

Conclusion

Currently, the machine learning model used in our case had
better accuracy than older models, however, we were unable to
predict an improved mutant regarding the Q values. Furthermore,

the melting temperature of the best-predicted mutants increased
by only a few degrees C. This shows that, even though state-of-
the-art protein language models can be used for several tasks
on native proteins, they still lack the ability to successfully
predict the effect of mutations, due to the limitations of their
algorithm and the data they were trained on. Thus highlighting
the importance of diverse datasets that accurately represent the
properties of both wild-type and mutant proteins to achieve
better predictions in protein engineering tasks.
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