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ABSTRACT

HYPERPARAMETER OPTIMIZATION OF
AUTOENCODERS FOR DEEP LEARNING OF
COLLECTIVE VARIABLES

Understanding the conformational space of proteins is integral to deciphering
the mechanism of action of the proteins in drug-discovery studies. Molecular dynamics
(MD) simulations have enabled the realistic simulation of protein dynamics. However,
the computational demands of processing extensive MD data necessitate efficient di-
mensionality reduction techniques. An automated method for extraction of collective
variables (reduced representations of protein movements) for the accurate representa-
tion of inherent dynamics of proteins is important. For this purpose, this thesis involves
implementation of a semi-supervised autoencoder (SAE) for the extraction of collective
variables from MD simulations of MurD and adenosine kinase (AdK) proteins, selected
for their distinct dynamic states. This model, which incorporates extra output nodes
coming from the latent layer and encoder hidden layers carrying the extra information
such as opening angle, significantly outperforms the traditional vanilla autoencoder by
achieving better results in reconstructing protein dynamics. The research also explores
the optimization of the semi-supervised autoencoder architecture using genetic algo-
rithm and enhances the quality of the extracted collective variables. By focusing on
features such as Car coordinates and dihedral angles, and adjusting the model’s hyper-
parameters, the study advances our ability to capture the essential movements within
proteins. Moreover, the semi-supervised approach shows an important improvement
in handling the highly flexible regions of proteins, particularly the C-terminal domain
of MurD, which is crucial for its functional transitions. The findings also shows the

potential of machine learning in bioinformatics to refine simulation data analysis.
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OZET

KOLLEKTIF DEGISKENLERIN DERIN OGRENMESI
ICIN OTOKODLAYICILARIN HIPERPARAMETRE
OPTIMIZASYONU

Proteinlerin konformasyon sekillerini anlamak, ila¢ kesif ¢ahismalarinda pro-
teinlerin etki mekanizmasmi ¢oztimlemek igin gereklidir. Molekiiler dinamik (MD)
simiilasyonlari, protein dinamigi gergekc¢i simiilasyonunu miimkiin kilmigtir. Ancak,
genig MD veri setlerini iglemenin yiiksek hesaplama gereksinimleri, etkili boyut in-
dirgeme tekniklerini zorunlu kilmaktadir. Bu amacla ilgili tez ¢alismasinda, MurD
ve adenozin kinaz (AdK) proteinlerinin MD simiilasyonlarindan kolektif degigkenlerin
(protein hareketlerinin indirgenmis temsilleri) ¢ikarilmasi i¢in yar1 denetimli bir otokod-
layict (SAE) uygulanmigtir. Bu model, geleneksel otokodlayiciya gore, protein dinamik-
lerini yeniden olusturmada daha iyi sonuclar elde ederek 6nemli ol¢iide iistiin perfor-
mans gostermigtir. Aragtirma, genetik algoritma kullanilarak yar1 denetimli otokod-
layic1 mimarisinin optimizasyonunu da kegfetmis ve elde edilen kolektif degiskenlerin
kalitesini artirmistir. Ca atomu koordinatlar ve dihedral acilar gibi 6zelliklere odakla-
narak ve modelin hiperparametrelerini ayarlayarak, proteinler i¢indeki esas hareketleri
yakalama kabiliyetimizi ilerletmigtir. Ayrica, yari denetimli yaklagim, 6zellikle fonksiy-
onel gegisler icin kritik olan MurD 'nin C-terminal bolgesi gibi yiiksek derecede hareketli
protein bolgelerini ele almakta énemli bir iyilesme gostermigtir. Bu bulgular, biyoinfor-
matikte makine 6greniminin simiilasyon veri analizini gelistirme potansiyelini ortaya

koymaktadir.
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1. INTRODUCTION

Atomic-level conformational changes are essential to many biological processes
such as the folding of proteins and interactions with ligands. Understanding these
changes is core to deciphering protein-ligand interactions that provide information
about possible drug candidates for enzyme-related diseases [1,2]. The study of these
conformational transitions presents challenges for experimental approaches that lead to
the development of theoretical methods. Molecular dynamics simulations have emerged
as an effective computational technique for investigating the dynamic behaviours of
biomolecules [3,4]. The goal of MD simulations is to characterize conformational space
of molecules. Conformational space refers to the possible spatial arrangements of atoms
in a molecule. Through the use of all-atom classical molecular dynamics simulations,
a vast range of biological systems, from small molecules to large protein complexes are
investigated [5-7]. These studies provided more insights into the dynamic behaviour

of proteins and paved the way for understanding their structural characteristics.

Atomic arrangement information about the interatomic interactions is needed as
the starting structures for the MD simulations. For this purpose, X-ray crystallogra-
phy [8] or nuclear magnetic resonance techniques [9] can be utilized for understanding
the atomic arrangement information of proteins. The resulting structural information
can be used as an initial structure to start the simulations and from there MD sim-
ulations generate the dynamical structure of the protein in an iterative manner with
a time trajectory. The fundamental principle of the MD simulations is the numerical
integration of Newton’s equations of motion acting on the atoms of the proteins or any
biological system. Newton’s equations of motion use the initial configuration of atoms
to compute the forces acting on each atom iteratively for discrete time steps using
empirical force fields [10]. The new Cartesian coordinates and velocities generated by
these forces for each atom are updated at each iteration. The resulting iterative process
is a three-dimensional trajectory showing the dynamic behaviour of the atoms, hence

the protein, throughout the simulated time interval [11]. For maintaining the numeri-



cal stability in the integral operation, the time steps taken should be shorter than the
biochemically significant events. These events occur over nanoseconds, microseconds,
or longer [12]. Therefore the time steps should be in the order of femtoseconds. Due
to the length of the biochemical events and the short time steps, the resulting simula-
tion involves millions or billions of time steps for atomic interactions and this leads to
computationally demanding MD simulations. To overcome this issue, advanced algo-
rithms with parallel computing and GPU acceleration [13] are developed to distribute
the workload across multiple processors. In addition to these developments, approx-
imation techniques such as coarse-grained models [14] can also be employed. These
methods can solve the computational complexity problem without losing the essential

information and accuracy of the simulations.

1.1. Collective Variables

The free-energy landscape of biological molecules reveals their dynamic behaviour.
In the case of proteins, understanding the free-energy landscape is crucial for under-
standing their folding dynamics [15]. Biological molecules exhibit rugged free-energy
landscapes containing several local minima along with high-energy barriers [16]. The
complexity of the landscapes is a challenging task for standard MD algorithms that are
designed for sampling the conformational space of proteins. The rugged-free energy
landscapes can trap the simulations in local minima regions causing the simulation to
fail ergodic sampling which is the sampling of full spectrum of molecular conformations.
To address this issue and achieve ergodic sampling, enhanced sampling algorithms [17]
have been developed such as metadynamics [18-22], umbrella sampling [23,24], adap-
tive biasing force [25,26] and replica-exchange molecular dynamics (REMD) [27,28].
The former three of these are in general known as “biased sampling” methods where
a bias potential is applied to overcome energy barriers and explore specific regions of
conformational space. Metadynamics, for instance, overcomes the trapping in the local
minima by introducing a history-dependent biased potential on selected collective vari-
ables (CVs) lowering energy barriers between minima. They are also known as reaction

coordinates, order parameters, or slow degrees of freedom [29,30]. However, achieving



a converged free-energy surface (FES) in metadynamics poses challenges. Due to this,
careful selection of appropriate collective variables that capture the relevant features
of the system’s configuration is necessary. Commonly used CVs include what is called
a “geometric CVs” which include dihedral angles, distances between molecular groups,
radius of gyration or root-mean-square-deviation (RMSD) which is the deviation of
atomic coordinates from their initial conformation [31-33]. There are software tools,
such as Plumed [34], that contains built-in features for conducting MD trajectory anal-
ysis using geometric CVs. In simpler systems, the selection of these geometric collective
variables can be guided by experience or intuition [35]. However, in more complex sys-
tems, the selection of collective variables becomes less straightforward. Therefore, more

systematic methods are needed for their identification.

1.1.1. Collective Variable Discovery with Machine Learning Methods

Geometric collective variables are useful in many biased sampling algorithms.
However, their identification is mostly intuition-driven or based on previous knowledge
of the protein under consideration [36]. This hinders the enhanced sampling of proteins
without prior knowledge about their dynamics. To address these issues, a paradigm
shift has occurred from intuition-driven strategies to data-driven approaches in recent
years. These data-driven approaches aim to automate the process of CV identifica-
tion. Advanced machine learning (ML) methods such as deep neural networks can be
integrated into CV discovery processes. These techniques allow systematic CV iden-
tification methods with accurate results. In a recent study, authors showed that CV
discovery can be carried out retrospectively through a process known as MD/ML re-
sampling [37]. In this approach, first, the relevant CVs are identified with the data
analysis of exploratory simulations. Second, the biased sampling methods are con-
ducted using the CVs from the previous step. This process is retrospective in nature.
And this results in efficient biased sampling. For other techniques which are not ret-
rospective, real-time methods exist. For instance, a real-time method called on-the-fly
MD/ML was developed by Chen et al. allows simultaneous CV discovery and biased
sampling simulations [38,39]. With this method, the real-time identification of CVs



allows dynamic adjustments to the biased simulation. The integration of ML methods
to the CV discovery enhances the efficiency of the biased simulations whether applied
retrospectively or in real-time. In general, the synergy between the ML, and MD allows
researchers to optimize simulations and improve the sampling strategies. So that a

deeper insight into the complex behaviour of protein dynamics is achieved.

Machine learning methods are categorized into two main types: supervised learn-
ing and unsupervised learning. Supervised learning involves dependent and indepen-
dent variables. And the aim is to reveal the relationship between these variables. In
supervised learning, the algorithm is trained on a labeled data set. These labels ”super-
vise” the algorithm to differentiate between different categories of data. After learning
these patterns from the training process, the algorithm is expected to make predictions
on a new dataset called test data. In unsupervised learning, on the other hand, there
is no labeled data provided to the algorithm. It is trained on an unlabeled data and
expected to discover the hidden patterns within the data. Both of these methods have
a wide range of applications for many different problems. The details and the applica-
tions of these within the realm of collective discovery will be discussed in the following

section.

1.1.2. Supervised Learning

Supervised learning consists of two primary categories: regression [40] and clas-
sification [41]. In regression tasks, the objective is to develop predictive models that
characterize the connection between continuous dependent variables and independent
variables. From the labeled training data, the regression algorithm learns the rela-
tionship between the variables and plots a best-fit line between them. On the other
hand, classification tasks aim to differentiate between the labeled categorical variables.
And it is expected to predict the category of the new observations after learning the
training data. Some of the classification methods are employed in collective variable
discovery. For instance, Sultan et al. [42] demonstrated the use of classification algo-

rithms, such as support vector machines and logistic regression as effective initial CVs



for accelerated sampling by using alanine dipeptide and Chignolin mini-protein as test
cases. Another classification method known as linear discriminant analysis (LDA) is
used in a different study to construct one-dimensional collective variables for studying
rare transitions between two metastable states [43]. Although these methods are pow-
erful in extracting the collective variables, they are limited in the sense that they are

particularly applicable to only molecular systems with well-defined known end states.

1.1.3. Unsupervised Learning

Unsupervised learning algorithms constitute a diverse category in machine learn-
ing. One subset of unsupervised methods is clustering algorithms [44]. Clustering is
a data-mining technique to identify groups of inputs that share inherent similarities.
By analyzing patterns and relationships within the data, clustering methods aim to
categorize inputs into distinct classes. This approach is particularly valuable in sce-
narios where the underlying structure of the data is not explicitly known. Clustering
approaches can be used in collective variable discovery. Tribello et al. introduced the
‘reconnaissance metadynamics’ method that employs an advanced clustering proce-
dure to determine collective variables [45]. This approach involves the identification of
clusters within the trajectory at regular intervals. These identified clusters are then
utilized to fine-tune a one-dimensional collective variable to be used in subsequent

metadynamics.

Another aspect of unsupervised learning is the dimensionality reduction tech-
niques [46]. These techniques are designed to address the challenge of high-dimensional
data, also known as the curse of dimensionality [47]. The high-dimensional data is not
straightforward to analyze and understand. Therefore, reducing the dimension of the
data into more compact form without losing the essential information is necessary. For
this purpose, the dimensionality reduction operates by reducing the number of features
in the input vectors without losing the essential information. Methods such as princi-
pal component analysis (PCA) [48] fall under this category. PCA is a valuable tool for

reducing the data into statistically significant variables while preserving the essential



information. Linear transformation of feature vectors is used in PCA with the aim
of representing data variance. This process results in eigenvectors, commonly referred
to as principal components, arranged in descending order based on the proportion of
total variance they represent. When the PCA method is applied to the MD trajectory
data, the resulting principal components can be used as CVs for the downstream biased
sampling methods such as metadynamics [49]. This shows that the collective variables
can be obtained in an automated manner from PCA to be used in downstream biased
sampling methods. While principal components can be effective order parameters for
distinguishing relevant states, they might not always be optimal CVs for biased sam-
pling due to certain limitations. Since PCA is a linear transformation, it may not fully
represent the intricate nonlinear interactions in molecular dynamics. Particularly pro-
cesses like protein folding involve non-linear dynamics [50]. Due to the limitations of
linear techniques, there is a growing need for non-linear approaches in CV discovery to
better represent the complexity of molecular interactions. Nonlinear techniques, such
as isomap [51,52] and diffusion maps [53-55] offer more flexibility in discovering non-
linear CVs, but they lack explicit mappings from molecular coordinates to CVs, which
are required in biased sampling methods to transmit biased forces from CVs to atomic
forces. There are other non-linear dimensionality reduction techniques developed based
on neural networks such as autoencoders. In the next section, autoencoders and their

role in collective variable discovery will be discussed.

1.2. Autoencoders and Collective Variables

In recent times, the advent of deep learning methodologies centered around ar-
tificial neural networks have introduced a novel approach for uncovering nonlinear
collective variables. These techniques excel in providing explicit mappings connecting
the identified CVs to the atomic coordinates. Auto-associative neural networks or au-
toencoders, are a specific category of artificial neural networks explicitly crafted for
the purpose of nonlinear dimensionality reduction [56]. Autoencoders are composed of
two components: an encoder and a decoder (Figure 1.1). The encoder is responsible

for mapping input data into a lower-dimensional subspace called the latent layer, while



the decoder tries to reconstruct the original input from the latent layer. The latent
layer vectors serve as the nonlinear collective variables that represent the inherent vari-
ance in the protein dynamics. In essence, the utilization of autoencoders in molecular

simulations offers a powerful approach for uncovering meaningful collective variables.

Encoder Decoder

Latent
Layer

Figure 1.1. Illustration of autoencoder architecture for molecular dynamics simulation
trajectory data reconstruction. The input from the protein simulation data is passed
through the encoder hidden layers (EHLs) to the latent layer. Information from latent
layer is passed to the output through decoder hidden layers (DHLs). The latent layer

vectors can be utilized as the collective variables in the subsequent analysis.

The simplicity and efficacy of autoencoders have led to numerous studies for ex-
tracting collective variables from simulation data through autoencoders [57-59]. Belka-
cemi et al. introduced an iterative approach, FEBILAE (free energy biasing and it-
erative learning with autoencoders), using autoencoders to learn CVs iteratively [60].
This iterative framework involves a cyclical process wherein the initially learned CV is
employed for free energy adaptive biasing, leading to the generation of new data. Sub-

sequently, the autoencoder is tasked with learning a new set of CVs in each iteration.



The efficacy of this approach is demonstrated through molecular systems such as the
alanine dipeptide and solvated Chignolin mini-protein. In a different article, Fergu-
son and his team introduced a novel methodology called MESA (molecular enhanced
sampling with autoencoders) for on-the-fly discovery of low-dimensional collective vari-
ables [38,39]. Similar to FEBILAE, it requires only a brief initial simulation and then
it iteratively trains autoencoders to learn collective variables. Then the resulting CVs
were used in the downstream umbrella sampling. They demonstrate this approach
using molecular systems like alanine dipeptide and Trp-cage, utilizing an open-source
plugin with the OpenMM [61] simulation package. In another study, Bandyopadhyay et
al. propose using inter-residue Ca-distances as potential input CVs, deriving nonlinear
combinations of latent space embedded CVs using autoencoders on molecular dynamics
simulations [62]. The resulting latent space variables effectively characterize the con-
formational landscape in diverse macro molecular systems, including a bead-in-a-spring
polymer, Trp-cage mini-protein, and cytochrome P450. Continuing with this line of re-
search, Ghorbani et al. present GMVAE (Gaussian mixture variational autoencoder),
that combines dimensionality reduction and clustering of biomolecular conformations
from molecular dynamics simulations [63]. It incorporates a categorical variable to
identify the mode of each data point. Using normalized distance maps between Ca
atoms of proteins as features. The model is tested on long-timescale simulations of
Trp-cage, BBA, and villin. They demonstrated that it accurately learns the funnel-
shaped landscape of protein folding. Although these methods are powerful in extracting
collective variables and reconstructing the input data, they suffer from limitations asso-
ciated with the selection of optimal hyperparameters for the autoencoder architecture.
Fine-tuning hyperparameters addresses challenges such as overfitting, underfitting, and
sensitivity to variations in input data characteristics [64]. This is because the efficient
performance of autoencoders in general relies heavily on appropriately tuned hyperpa-
rameters. When it comes to biomolecular data, researchers rely on insights into the
specific characteristics of data and the intricacies of molecular dynamics simulations to
make informed decisions about hyperparameter configurations. However, this intuitive
approach is inherently limited by the subjective nature of human judgment and the

potential challenges posed by the high-dimensional and complex nature of biomolecu-



lar datasets. Since biomolecular systems exhibit inherent complexity and variability,
a systematic approach to hyperparameter optimization becomes important to extract
meaningful collective variables. In this thesis, our primary objective is to implement
hyperparameter optimization techniques, specifically employing genetic algorithm in
the context of a semi-supervised autoencoder. The resulting best hyperparameters are
tested for processing of molecular dynamics simulation trajectory data of two different
proteins; MurD and adenosine kinase. By systematically evaluating the performance
across these set of protein systems, the study aims to show the importance of hyper-
parameter tuning of autoencoders and specifically the significance of semi-supervised
autoencoder in the context of collective variable extraction from diverse biomolecular
dynamics scenarios. This thesis is organized as follows: Methods and Materials section
details the implementation of the semi-supervised autoencoder, dataset preparation,
hyperparameters, hyperparameter optimization techniques in general and the details of
genetic algorithm employed in this study. The Results and Discussion section presents
the resulting best hyperparameters. The performance of these best hyperparameters
in the semi-supervised autoencoder for MurD and AdK are presented and compared.
The resulting collective variables from latent space vectors are also presented for each
protein. In addition, semi-supervised autoencoder is compared with the baseline au-
toencoder (vanilla autoencoder [65]) through reconstruction errors of both models and
applying secondary structure analysis to each. In the last section, a summary of find-

ings with future implications are discussed.



10

2. MATERIALS AND METHODS

2.1. Semi-Supervised Autoencoder

The classical autoencoder structure is a fully connected neural network as illus-
trated in Figure 1.1. It has an input layer, encoder hidden layers, a latent layer, and
a symmetric set of decoder hidden layers. The input data gets transformed into a
compressed representation through encoder layers in the latent layer. The latent layer,
also known as the bottleneck layer, contains fewer nodes than the input layer for di-
mensionality reduction purposes. Using the compressed representation in the latent

layer the decoder aims to reconstruct the original input.

The autoencoder used in this study, shown in Figure 2.1.; is a semi-supervised
autoencoder. It deviates slightly from the classical architecture through the integration
of extra output nodes coming from the each encoder hidden layer and the latent layer.
While the simulation trajectory is fed to the autoencoder in a unsupervised manner
from the input nodes, extra information of the protein’s dynamics is guiding the au-
toencoder through these extra output nodes. The autoencoder model is adjusting itself
so that the output values from these extra nodes are the same as this extra information
about the protein (such as opening angle in a folding protein). While the results of the
decoded output nodes from decoder should approximate to the coordinates data from
the trajectory, the extra output nodes from the encoder and latent layers should be the
same as the opening angle or some other inherent information about the protein. This
extra information results in improved latent space representation and helps the model
to reconstruct the coordinates input better. This semi-supervised autoencoder model
aims to enhance the autoencoder’s capability of dimensionality reduction by improving
the model prediction by adjusting the output according to these extra output nodes

and result in better feature extraction performance.
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The autoencoder model has been implemented using Python 3.8 with the Keras
framework [66] together with the TensorFlow library [67]. For each protein under
study, distinct train and test data sets are prepared from their simulation trajectories.
After compiling the autoencoder, the training of the model is conducted using the fit
function from the TensorFlow library. In supervised training, this fit function takes
two inputs to train the model: the training data and the corresponding labels of the
training data. When it comes to unsupervised autoencoder training, fit function takes
two identical inputs which are the training data. This is because the autoencoder aims
to result in output values that are exactly the same as input values. For the semi-
supervised autoencoder model employed in this study, the inputs for the fit function
are different. While one of the inputs remains as the training data which are the
Cartesian coordinates of the simulation trajectory, the other input (designated as the
expected output) is given as an array consisting of training data (coordinates) for the
expected output of the decoder output nodes, and another order parameter such as
opening angle. The autoencoder is expected to learn that the first set of training
data (simulation trajectory) in this array are expected to be the same as the output
nodes coming from the decoder. The latter sets of training data in different order
parameters are the expected outputs from the extra nodes coming from the encoder
hidden layer and the latent layers. These order parameters are specific to each protein
under investigation and should be chosen from known order parameters representing
the major conformational changes in the protein. For this purpose, the opening angle
of the MurD protein and the NMP and LID angles of adenosine kinase is chosen as the
designated expected outputs. A detailed discussion of these is given in the following

sections.

2.2. Data Preparation

For the model development process, the dataset is split into training and test sets.
The model is expected to learn from the training data and make correct predictions
using unseen test data. After the model is compiled, the train data is used in the

training process through the fit function so that the model learns from the train data
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and it optimizes its parameters to make correct predictions. After training the model,
the test set is used to evaluate the accuracy of the prediction capability of the model.
The test set should be a new, unseen data which is distinct from the training set. In this
study, the distinct training and test data sets are prepared from the MD simulation
trajectory data of different proteins (MurD and adenosine kinase) independently to
extract the collective variables. The obtained dataset for each protein underwent a

systematic data preprocessing which will be discussed next.
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Figure 2.1. Semi-supervised autoencoder with extra output nodes coming from

encoder hidden layers and latent layer.

2.2.1. Data Preprocessing

Data preprocessing is a crucial step in the development of machine learning mod-
els for constructing accurate models. The use of clean and standardized data is required
for correctly understanding the patterns and relationships in the data. In this study,
the Cartesian coordinates and dihedral angle data from the simulation trajectories

along with opening angle information are used for different cases of different proteins
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to train and test the autoencoder. Due to the different units these features have, a
standardization is required to prevent certain features from dominating the model be-
cause of their larger magnitude. The normalization techniques are developed and used
extensively for overcoming these issues [68]. The min-max normalization technique is
used in this study to overcome the problem of different units in data. This normaliza-
tion method was chosen to standardize the numerical features and it ensures that all
values are within the range of 0 to 1. The applied min-max normalization formula [69]

given below

X o X — Xmin
normalized — X—

2.1
max Xmin ’ ( )
where X,;, and X,,,, are the minimum value and maximum values, respectively. The
dataset in this study was effectively rescaled in the range [0, 1] using the MinMaxScaler

function from the Scikit-learn library [70].

For the training data features, two cases are tested for both of the proteins. In
case one, the input features are chosen as the x,y, z coordinates of the Ca atoms for
each residue number, R, making the dimension of input nodes as 3R. In case two, the
input features are chosen as the coordinates data and the sine-cosine pairs [71,72] of
phi, ¢, and psi, ¥, dihedral angles corresponding to each frame, making the dimension

of the input nodes as 3R + 2(¢ + ).
2.2.2. MurD

MurD (UDP-N-acetylmuramoyl-L-alanine-D-glutamate ligase) is an enzyme re-
quired for the biosynthesis of bacterial cell wall, peptidoglycan (Figure 2.2) [73]. It
has been investigated for understanding the bacterial resistance mechanisms, thus con-
tributing to antibiotic development [74,75]. Structural studies by Bertrand and his
group have revealed crystalline snapshots of this protein in atomic resolution for its
open, unbound state (PDB ID: 1E0D) [76] and its closed state bound to substrates
(PDB ID: 3UAG) [77].
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Central domain

C-terminal domain

N-terminal domain

Figure 2.2. Tertiary structure of MurD shown with its three domains: N-terminal,
C-terminal and central domains. The opening angle of the protein is demonstrated by

the two vectors.

Degiacomi has contributed to our understanding of MurD by employing molecu-
lar dynamic simulations of its open, closed, and apo state (closed-state with its ligands
removed) [78]. He used these simulation trajectories for training an autoencoder for
the purpose of reconstructing similar conformations to explore new conformations.
The simulation trajectory dataset of these simulations was obtained from Degiacomi
to be used in this study for the training and testing phases of the autoencoder. MurD
consists of 437 amino acid residues with three distinct domains; N-terminal (1-93), cen-
tral (94-298), and C-terminal domains (299-437). Before the simulations, Degiacomi
reconstructed the missing residues present in the crystal structure of closed (residues
221-224 and 242-244) and open structures (residues 221, 222, and 183-188) using MOD-
ELLER [79]. After running the simulations, Degiacomi prepared a dataset of structures
by extracting the frames from the simulations at every 100 ps. For the closed and open

structure, he prepared 2607 and 1913 frames, respectively. For the closed-apo state,
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he combined 1000 frames for each 100 ps from a 100 ns simulation. It was reported
that the closed and open structures exhibited stability throughout their simulation
trajectories, while the apo state demonstrated a transition from closed to open con-
formation. Therefore, the training set for the autoencoder was prepared by combining
two different simulations of closed and open states. The test set was constructed using

the simulation data of the transition from close to open structure, namely apo state.
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Figure 2.3. Angle of opening for MurD is plotted with respect to time for closed,

closed-apo and open state.

For each set of data, a set of 1311 features was prepared using the Cartesian
coordinates of 437 Ca atoms. In case one, these coordinate data were given to the
input layer of the autoencoder and passed through the encoder layer to the latent
layer. In case two, along with the 1311 features coming from the coordinates, the sine
and cosine pairs of dihedral angles are also prepared as input data making 3055 features
in total. The resulting decoded output is expected to be highly similar to the original
input features. The output nodes coming from the encoder hidden layers and latent
layers are expected to be similar to the opening angle of the MurD (shown in Figure
2.2) for each frame. The opening angle was computed for frames of all simulations by

determining the angle between the center of mass of three groups of atoms (residues
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130-230, 230-299, 299-437) using Gromacs [80]. The opening angle values per frame
for closed, closed-apo and open states with their corresponding frames are given in
Figure 2.3. The purpose of this extra information of opening angle is to increase the

performance of the autoencoder for extraction of collective variables.

2.2.3. Adenosine Kinase

Adenosine kinase is 214-residue monomeric protein found in all three kingdoms
of life [81]. It regulates the intracellular and extracellular adenosine levels by cat-
alyzing its phosphorylation. Adenosine kinase uses a phosphate group from adenosine

triphosphate (ATP) to convert adenosine into adenosine monophosphate (AMP) [82].

-,
LID-CORE Angle |'l

Figure 2.4. Cartoon representation of Adenosine kinase protein with its closed (left)
and open (right) forms. LID-CORE and NMP-CORE angles are demonstrated by

arrows.

Cellular adenosine levels are important in many metabolic pathways and by con-
trolling the AdK activity, adenosine levels can also be controlled. For this reason, AdK
is a potential drug target [83]. Thus, understanding its structural dynamics is impor-

tant. It consists of three domains: stable CORE domain, ATP-binding LID domain



17

(residues 118-167) and an AMP-binding NMP domain (residues 30-67) [84]. During
its catalytic cycle, it undergoes a transition from open (PDB ID: 4AKE [85]) to closed
(PDB ID: 1AKE [86]) state with or without a substrate (Figure 2.4). AdK goes from
open to closed state through the motions of LID and NMP domains in subsequent

order where LID closure followed by the closure of NMP domain [87].
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Figure 2.5. LID-CORE and NMP-CORE angles for AdK shown.

The RMSD between the open and the closed state is around 7 A. This distinct con-
formational states make AdK a suitable protein for the extraction of collective variables
from autoencoders. Therefore, the simulation trajectory of AdK was obtained from the
publicly available simulation trajectory data present in the MDAnalysis Python toolkit
that was developed by Beckstein and his colleagues [88,89]. The simulation of AdK is
showing a transition from close to open state by DIMS (dynamic importance sampling)
method [90]. DIMS is a biased sampling method which is used in the simulation of
proteins where there is a transition between two metastable states. The close to open
transition of apo-AdK happens without requiring a ligand. Therefore, it was chosen
for a test case for DIMS simulation. This method enables a quick transition from close
to open state and resulting in a trajectory consisting of 98 frames with each frame

corresponding to 1 ps. This 98 ps simulation was obtained from MDAnalysis toolkit
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and then only the Ca atoms are selected for the downstream data preparation. The
train and test data for the AdK was prepared in a similar manner to MurD. The first
and last 40% of trajectory corresponding to the closed and open states, respectively.
And this 80% of trajectory was used as the training data while the transition state
making the remaining 20% was used a test data. For semi-supervising the autoencoder
and improving its collective variable extraction, the LID-CORE and NMP-CORE an-
gles (Figure 2.5) are used in a similar manner to opening angles from MuRD. There
is one extra output nodes coming from the latent layer and encoder hidden layers in
MurD for the opening angle. However, in the case of AdK, since there are two angles
involved, the number of extra output nodes coming from the layers is two in total and
each corresponding to LID-CORE or NMP-CORE angle. The tested cases for the AdK
again similar to MurD, where x,vy, z coordinates of Ca for 214 residues making 642
features with 98 frames in total for case one. And for the case two, along with 642
features coming from coordinates, the sine and cosine pairs of ¢ and v’ angles are used

making the features 1494 in total.

2.3. Loss Function

The simulation trajectory of proteins is used as the input of the autoencoder
model in the present study. The trajectory of the simulation system, a(t), is defined

by the Cartesian coordinates (z, y, z) of N atoms denoted as

a(t) = a1z(t), ary(t), . .. ana(t), any(t), ans(t). (2.2)
The dimension of the simulation trajectory, 3/V, determines the dimensions of the input
layer in the autoencoder. The encoder takes the input coming from the simulation
trajectory, a(t), and passes it through the hidden layers to the latent layer. There, a(t)
gets mapped into a vector of latent variables with length d, £ = (&,&,...,&4), where
d < 3N. This vector constitutes what we call the collective variables. The decoder
component then uses this vector of latent variables to produce an output trajectory,
a(t), similar to the input trajectory provided. A loss function is defined as a crucial
performance metric of the autoencoder for the quantification of the difference between

the original input and its reconstructed counterpart. The autoencoder adjusts its
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parameters during the training process by minimizing this loss function. The loss (1)

measured using the root-mean square error (RMSE) is given by

M

L(@(j A0, a(jA0) = || <= S [a(An) — wa(ANP (2.3

=0
where M is the number of frames in the trajectory and At denotes the time interval
for storing the trajectory and w; represents the feature weights corresponding to each
feature [91]. The main goal of an autoencoder is to reduce this loss function. For the
semi-supervised autoencoder model, the loss function is a combination of the decoded
coordinates output and the opening angle output from the extra output nodes. To
account for the scale of importance for these two types of outputs, a penalty term, k& =
0.1, is multiplied with the loss of angle outputs to reduce the impact of opening angles
with respect to the coordinates. With this property, the semi-supervised autoencoder

will adjust itself based on this combined loss function

Ltotal = Lcoordinates + k- Langles- (24)

The loss function can be improved by adjusting the configurational parameters of the
architecture of the autoencoder model specific to the features used in the training.
These configurational parameters are also called hyperparameters. Their importance
and the algorithms for fine-tuning them for the best performance of the loss function

will be discussed in the following sections.
2.4. Hyperparameters of Autoencoders

Hyperparameters are important for the performance of the autoencoder models.
The hyperparameters investigated in this work include the activation function, regu-
larizers, learning rate and momentum of the optimizer function, epoch number, batch
size and the number of layers, and the number of nodes for each layer. The details for

these hyperparameters are explained below.
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2.4.1. Activation Functions

A node in a neural network is similar to a neuron in the human brain and it acts
like a processor unit with an activation function transforming the input signals into
output signals. An activation function can be a linear or non-linear transformation
function applied to each node in the autoencoder and it calculates the output for that
node given the inputs and weights entering into the node. The type of activation
function affects the accuracy of the prediction. Due to the non-linear and complex
relationships in the datasets, the non-linear activation functions are preferred [92]. The
activation functions in this type will be discussed here: the sigmoid function, rectified
linear unit (ReLU) and scaled exponential linear unit (Figure 2.6). Activation function
can be used as a hyperparameter to be optimized. In this study, the activation functions
sigmoid, RelLU and SELU was tested for encoder and decoder nodes to find the best
performing activation function for the model used here. The activation function for the
extra output nodes coming from the encoder hidden layers and the latent layer were

set to sigmoid as default.

2.4.1.1. Sigmoid Function. The sigmoid function is a non-linear activation function

used for mimicking the probability values in the output because it has output values

between 0 and 1. The sigmoid function formula [93] is shown as
1
S lte®

o(x) (2.5)

Although it is popular in many neural network applications, it has drawbacks due to
the vanishing gradients problem where the gradients become too small when the inputs
move away from zero. With too small gradients, time spent for the model convergence

increases. To solve this problem other non-linear activation functions are introduced.

2.4.1.2. Rectified Linear Unit (RelLU). ReLU is the most effective and widely used

activation function given by Equation (2.5) [94-96]. It ensures that only certain sets

of nodes are activated at the same time with the formula

ReLU(x) = max(0,x). (2.6)
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ReLU is a solution to the vanishing gradient problem [97]. Although it is widely used
and effective, there is an issue with ReLLU which is called the dying ReLLU problem
where the negative input of the node becomes zero and from that point, these nodes
will not be activated anymore [98]. To overcome this other activation functions are

used that introduce negative slopes for the input values less than zero.

Activation Functions

RelU
= Sigmoid

Output

5 3 3 2 ) 0 1 2 3 3 5
Input (x)

Figure 2.6. Different types of activation functions are shown: Sigmoid, RelLU and

SELU.

2.4.1.3. Scaled Exponential Linear Unit (SELU). SELU is another non-linear activa-

tion function, introduced by Klambauer et al. [99]. It is designed to produce a normally

distributed output with

vz, if x>0
SELU(x) = , (2.7)

voa-(e®=1), ifx<0
where 7 is scaled constant and set to 1.0507 and while « is 1.6732. Like ReLU, it also
eliminates the vanishing gradients problem. In addition, it is better to deal with the

problem of dying ReLLU by introducing negative slopes for the input values below zero.
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2.4.2. Learning Rate

The learning rates are the step sizes taken for updating the weights. It is particu-
larly important to choose a correct learning rate because a higher size can provide a fast
convergence but may not result in minimizing the error correctly. A lower learning rate
is best for minimizing the error but may get trapped in local minima. Correctly updat-
ing the weights are crucial in getting a converged model with a minimum error. The
weights are the numerical values associated with each input signal entering a node. The
importance of an input feature for predicting the output values is determined through
these weights and they get updated during the model training process. The weights
also carry the information of how strong an input value is in determining the output of
the node. During the training process of the model, the weights are adjusted dynami-
cally to predict the correct output. These adjustments are carried out through learning
algorithms such as backpropagation [100] along with an optimization technique such as
gradient descent [101]. During the training, the information flows through the network
in the direction of from input to outputs. Then the resulting output is compared to
the expected output and the error between them is back propagated to the network
to update the weights accordingly. The optimization technique is responsible for how
these weights are updated. Although the gradient descent optimization method is the
most common approach used in training neural networks, it has some challenges such

as slow convergence rate.

Other optimization algorithms such as Adam (Adaptive Moment Estimation)
[102] are developed to overcome these and it is the most recommended optimization
method [103]. Contrary to the gradient descent algorithm’s constant learning rate,
Adam uses adaptive learning rates. Given the performance of the Adam optimizer
over others, it is chosen as the optimization method for the training of the autoencoder
for this study. The configuration parameters of Adam optimization such as learning
rate are chosen as one of the hyperparameters to be tested. The hyperparameter values
tested for learning rate are given in Table 3.2. Due to the implementation of Adam

optimization method, these given learning rates are initial values and are adapted based
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on the momentum components of the optimizer which will be discussed next.
2.4.3. Momentum

Adam optimizer adjusts the learning rates based on the exponentially decaying
average of past gradients (m;) and the exponentially decaying average of past squared
gradients (v;) given in

my = f1-miy + (1 —p1)- .Qt’ (2.8)

vy =Py v+ (1= B2) - g7
where ¢; is the gradient and 3; and [, are exponential decay rates for the first and
second moment estimates, respectively [103]. When these decay rates are small, it is

observed that m; and v; are biased towards zero. Authors corrected these equations

and those bias-corrected versions are given in

& M
my = ————
15
) v (2.9)
Oy = ————
TS
which are used in the update rule of Adam optimization in
Orys = O — ——— -1, (2.10)
Vi + ¢

where 7 is the learning rate and c is a small constant to prevent division by zero. As
a hyperparameter to be optimized, the (; is selected to be tested in this study. The

values tested for 3, are given in Table 3.2.

2.4.4. Regularizers

The aim of training a neural network is to learn from the training dataset to make
generalized predictions on the unseen test dataset. When the model learns every detail
of the training data too much, then its prediction performance on the test data declines
and this is called overfitting [104]. Overfitting usually happens when the variance of the
training dataset is high and the model learns every detail of the dataset. To address the
problem of overfitting, regularization methods can be used to introduce a penalty term

to the loss function using weights. The most commonly used regularization methods
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are LASSO (least absolute shrinkage and selection pperator) regularization, L1 [105],
and Ridge regularization, L2 [106]. L1 regularization adds a penalty term to the loss
function using the sum of absolute values of the weights, w, and the loss function in

Equation (2.3) becomes the given formula in

M M

L@(AD, aGAD) = || 32 3 0GA) — waGAOR 4 Al (211)

=0 =0
where A is the regularization parameter. For L2 regularization, the penalty added to

the loss function is the sum of the squared values of the weights, and the loss function

becomes the formula below

L@(A0,aA0) = | 37 1A A) = wia(ADE + 23w (2.12)

The choice of A is important for controlling the effect of regularization on the loss
function. When A is too high, the model becomes underfit where the model is too
simple to learn the training data. When it is zero, then the model can overfit the data.
A is an important hyperparameter that is investigated in this study to find the optimum

value for the autoencoder model. The values tested for A are listed in Table 3.2.

2.4.5. Hidden Layer Number

The design of neural network topology plays an important role in the performance
of the model [107]. The number of hidden layers determines how deep the network is.
The depth of the network increases along with the complexity while the processing
speed decreases. Therefore, the optimum topology should be determined for a neural

network considering the dataset [108].

In the autoencoder architecture, the number of hidden layers in the encoder and
decoder are the same. There is no rule of thumb to determine how many hidden layers
an autoencoder should have. Therefore, the search for an optimum hidden layer number
should be done systematically based on the nature of the dataset. For this purpose,
different cases are tested with different hidden layer numbers in the hyperparameter

search algorithm implemented in this study. The tested set layer numbers are (1,2, 3,4).
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2.4.6. Hidden Layer Dimensions

The other component of neural network topology is the nodes present in each hid-
den layer. If the node number is dense, such a topology would lead to overfitting [109].
The number of nodes in each layer, the dimension of the layer, should be determined
carefully. In general, the number of nodes should be less than the number of input
features in the autoencoder [110] . This is because the aim of the autoencoder is dimen-
sionality reduction. The nodes in the layers should decrease towards the latent layer
so that the feature extraction and reduced dimensions would become possible. The
number of nodes in the hidden layers should be determined systematically and they
are included in the hyperparameter search space of the hyperparameter algorithm used

in this study. The tested set of hidden layer nodes for each layer is given in Table 3.2.

2.4.7. Latent Layer Dimension

The autoencoder latent layers are where the compressed information about the
input data is represented. The dimension of the latent layer is important for correctly
capturing the features in the input data. Since autoencoder is a dimensionality reduc-
tion process, then the dimension of the latent layer should always be much smaller than
the dimension of input data and smaller than the encoder and decoder hidden layer
dimensions [111]. Given this, researchers identify the latent layer dimension through
intuition based on their experience and the intrinsic nature of the input data. As an
automated approach to find the latent layer dimension, hyperparameter optimization
methods can be applied. Therefore, the latent layer dimension is used as a hyperpa-

rameter to be explored in this study. The range of values tested is given in Table 3.2.

2.4.8. Epoch Number

Epoch refers to the number of complete passes through the training dataset [112].
Usually, a single epoch is not sufficient for the model to learn the data and the model

needs multiple learning cycles to result in an effective performance. Therefore, multiple
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epochs should be used. However, training with a high number of epochs would lead to
overfitting of the input data and poor performance on the test data. For that reason,
the number of epochs is a hyperparameter and should be determined carefully. In this
study, different numbers of epochs are tested to find the optimum for the given dataset.

The tested numbers are listed in Table 3.2.

2.4.9. Batch Size

The training data is usually divided into smaller subsets known as batches. In one
epoch, the data is divided into batches and then passed through the network in several
iterations depending on the size of the input data and the batch. It was observed
that training deep neural networks with smaller batch size performs better in terms
of generalization [113]. In the context of autoencoders, Wang et al. reported that the
smaller batch size is better in predicting the reconstructed output [114]. However, they
investigated the effect of batch size on a regression task using an autoencoder. To find
the optimum batch size for the autoencoder model for the dimensionality reduction
purposes, different batch sizes are explored in this study as a hyperparameter. The

investigated batch sizes are presented in Table 3.2.

2.5. Tuning Hyperparameters of Autoencoders

The goal of hyperparameter optimization is to find the global optimum z* of an
unknown, often complex, black-box function f. This function f(x) can be evaluated
for any arbitrary input x within a defined hyperparameter space X. The hyperparam-
eter space X can be categorical, discrete, and continuous variables. Hyperparameter
optimization approaches aim to explore the hyperparameter space to find the set of

parameters z* that maximizes the function f, given below [115]
¥ = argmazx f(z). (2.13)

This process involves evaluating the performance of the model with different hyper-
parameter configurations and identifying which configuration yields the best results.

The evaluation criteria are often based on model accuracy or predefined performance
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metrics. In the context of this study, the objective of hyperparameter optimization is
to find the best hyperparameters of the autoencoders discussed above for improving
the extraction of collective variables from the molecular simulation trajectory data of

proteins.

An automated hyperparameter optimization is necessary for reproducibility of
scientific studies. Early studies for hyperparameter tuning revealed that each differ-
ent dataset requires a different combination of hyperparameters [116]. Contemporary
studies showed that optimized hyperparameters yield superior results compared to the
default configurations provided by the mainstream machine learning libraries [117-119].
Several approaches are used for hyperparameter tuning. The most basic approach is
the grid search that involves comprehensive evaluation of every possible combination of
hyperparameter set [97]. Given enough time and resources, grid search finds the global
optimum. However, the number of evaluations needed grows exponentially with the di-
mensionality of the hyperparameter space causing slower convergence. As an alternate
solution to this, random search can be utilized with faster convergence than grid search
in finding the best hyperparameters [120]. It randomly samples configurations within
the hyperparameter space with a certain range. However, random selection of hyper-
parameters would lead to the missing of optimum parameters. Both methods offer a
good start to hyperparameter optimization but they can be exhaustive when applied to
complex models with large hyperparameter space demanding significant computational
resources. More sophisticated methodologies are needed to overcome this issue. Ad-
vanced techniques like evolutionary algorithms and probabilistic models are employed
to fine tune hyperparameters in neural networks [?,121]. In the scope of this study, the
genetic algorithm (GA), an evolutionary algorithm, is implemented to optimize the
hyperparameters of the semi-supervised autoencoder for the extraction of collective
variables from the MD simulation data of MurD and adenosine kinase proteins. The

implementation and theory of this method will be explained in the following section.
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2.6. Optimization with Genetic Algorithm

Evolutionary algorithms are population based algorithms that mimic the process
of natural selection, a concept co-discovered by Darwin and Wallace [122,123], to find an
optimum solution to a given problem. Genetic algorithm, introduced by John Holland
[124], is a subset of evolutionary algorithms and used extensively for optimization
problems [125-127]. The aim of the genetic algorithm is to find the best performing
solution set for a given optimization problem. Each combination of parameters for
a solution is considered a chromosome. Genetic algorithm follows a set of steps (see

Figure 2.7) that are performed iteratively until a stopping criteria is met.

Generate initial

population

[- Fitness score
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Figure 2.7. Genetic algorithm diagram.
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After starting with a randomly generated population with size n, a fitness score
for each solution set is calculated. The fitness score is a measure of how suitable each
solution is for the given problem. In the selection step, the most promising solutions
with the highest fitness score are called parents and they are carried to the next gener-
ation for further processing such as crossover or mutation. Crossover involves random

recombination of the parameters of the parent solutions to generate new offspring.

In the case of mutation, it introduces random changes to the parameters of the
parent solutions again resulting in new offsprings. This process generates a new gen-
eration of solutions until n of population size is reached. After that mutation and
crossover processes stop and the same cycle of fitness evaluation and evolution applied
to the new generation. The iterative process continues until a specified termination
condition is met such as reaching a maximum number of generations or achieving a
desired level of fitness. Ultimately, the algorithm converges towards the fittest solu-
tions, which are then presented as the optimal or near-optimal solutions to the original

optimization problem.

Although the genetic algorithm is powerful for finding optimal solution, there
might be still some issues due to the process of crossover and mutation. This is be-
cause these methods are inherently random and might cause very low fitness score in
the new offspring. As a solution to this issue, Kenneth De Jong introduced elitism [128].
Elitism ensures that there are chromosomes in the population who are not undergoing
a crossover or mutation process. Elites are selected from the intermediate scoring chro-

mosomes and passed to the next generation without crossover or mutation (Figure 2.8).

In the context of this study, the genetic algorithm is utilized for the hyperparam-
eter optimization of semi-supervised autoencoder with the aim of extracting collective
variables of MurD and adenosine kinase using geneticalgorithm2 of PyPI [129]. The
geneticalgorithm?2 has a built-in function that takes the objective function (function to
optimize), the hyperparameter boundaries and input along with the genetic algorithm

parameters such as generation and population size. As a fitness score, the output of the
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objective function is calculated given the hyperparameters of the autoencoder model
using root-mean-squared error of normalized predictions of coordinates with angles us-
ing test dataset. After the autoencoder is compiled with the given hyperparameter set
and trained with the training data, the resulting autoencoder model is given the test
data of coordinates to predict the coordinates along with the angles from the extra
output nodes from the EHL and latent layer. The resulting predictions that are be-
tween 0 and 1 are then compared to the normalized values of actual test coordinates
and the actual angles using RMSE. Using the proteins in this study and the genetic
algorithm, a systematic optimization was conducted for each protein. The resulting

values will be presented in the Results & Discussion section.
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Figure 2.8. Crossover, mutation and elitism in genetic algorithm.

2.7. Performance Metrics

Performance metrics are developed to evaluate the objective function for the
hyperparameter optimization method. Inside the hyperparameter optimization algo-
rithm, the autoencoder is trained with the train data given an hyperparameter set. And
then, the resulting autoencoder model is tested using the test data. Thus, from the re-

constructed results and the actual test data, an objective function is calculated for the
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optimization algorithm to act on. The objective function is obtained by calculating the
sum of normalized RMSE of decoded coordinates, opening angles, and dihedral angles
(for case two only) and using a penalty term k& = 0.1 so that the objective function is
similar to the loss function. The objective function for both of the optimization meth-
ods used in this study is the combined RMSE (cRMSE) of normalized coordinates,

opening angles and dihedral angles which is given as
cRMSE = RMSFE.oris + k- RMS Eqpening angles- (2.26)

After obtaining the best hyperparameters from the optimization algorithms, next step
is to train the autoencoder using these hyperparameters and training data. After the
model is compiled and fit, the test data is given to the model for prediction. The per-
formance of the prediction is measured by the RMSE of decoded output consisting of
cooordinates (and dihedral angles for case two) is calculated. Using the RMSE of co-
ordinates, residue per RMSE (rRMSE) is also computed as a metric for understanding
the reconstruction performance of the autoencoder. The resulting latent layer vec-
tors from the test data prediction, used as the collective variables and plotted against
RMSD, radius of gyration, SASA (solvent accessible surface area) and the opening
angles to understand whether the obtained CVs are representing the internal motions

of the proteins being investigated.

2.8. Statistical Analysis

Statistical analysis applied in this study to understand whether the proposed
semi-supervised autoencoder (SAE) architecture resulted in significantly better results
than the basic vanilla autoencoder (VAE). To evaluate the statistical properties of the
data obtained from both of the methods, initial analyses were conducted to check for
the normality of the distribution. The Shapiro-Wilk test was used for this purpose for
it is efficient in assessing the normality of data, particularly for small to medium sample
sizes [130]. This test examines whether a sample comes from a normally distributed

population by comparing the arrangement of data with that of a normal distribution.
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For each data set, the Shapiro-Wilk test was performed using
n 2

<Zi:1 azm(i))

> i (@i — 2)%

where x; are the ordered sample values,  is the sample mean, and a; are the coefficients

W = (2.27)

generated from the expected values and variances of the order statistics of a standard
normal distribution. If the Shapiro-Wilk tests resulted in p-values less than 0.05,
leading to the rejection of the null hypothesis that the data are normally distributed.
This outcome necessitates the use of non-parametric methods for further analyses since

the assumption of normality was violated.

Subsequently, the Mann-Whitney U test was employed to determine if there were
statistically significant differences between the two autoencoder architecture SAE and
VAE. This test is appropriate for comparing two independent samples, especially when
the data are not normally distributed, as it compares the medians of the groups rather
than the means [131]. The Mann-Whitney U test calculates the test statistic, U, based
on the ranks of the data in the combined samples, providing a robust comparison

without the need for normality. The formula for the Mann-Whitney U statistic is

1 (TLl -+ 1)
2

where n; and ny are the sample sizes of the two groups, and R; is the sum of the

U= nine + — Rl, (228)

ranks in the first group. A low value of U indicates a significant difference between the
distributions of the two groups. Statistical significance was assessed at the 0.05 level,
and all analyses were conducted using statistical software present in the Python’s SciPy
library [132]. The results of the statistical analysis will be presented in the Results &

Discussion section.

2.9. Secondary Structure Analysis

The MD trajectory used in the semi-supervised autoencoder input consists of
only Ca atoms. Before performing secondary structure analysis, it was essential to
reconstruct the complete backbone atoms from the provided Ca coordinates. This

reconstruction was accomplished using the PULCHRA software, which specializes in
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rebuilding full-atom protein models from Ca trace data [133]. PULCHRA was selected
for its efficiency in accurately reconstructing protein backbones, thereby facilitating a
more detailed subsequent analysis. Following the reconstruction of the full protein
backbone, both the input data and autoencoder-reconstructed output were subjected
to secondary structure analysis using the Dictionary of Protein Secondary Structure
(DSSP) algorithm [134]. DSSP is a widely recognized method for assigning secondary
structure elements (SSEs) such as a-helices, 3-sheets, and loops based on the hydrogen
bonding patterns among the backbone atoms. The analysis was performed separately
on each dataset to identify and compare the secondary structure elements throughout
the protein trajectory. This comparison aimed to assess the impact of the autoencoder
reconstruction on the preservation of biologically relevant structural features. The out-
put from DSSP was quantitatively analyzed to determine the consistency of secondary
structure assignments between the original and reconstructed output. The analysis in-
cluded calculating the percentage of agreement in SSE assignments and visualizing the
distribution of secondary structures along the protein sequence. The resulting analysis

will be presented in the Results & Discussion section.
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3. RESULTS AND DISCUSSION

In this section, the results from the hyperparameter optimization method, genetic
algorithm, for the proteins under investigation will be presented and discussed. First,
the genetic algorithm results will be shown for the two cases of MurD and AdK proteins.
Then, the semi-supervised autoencoder will be compared with the vanilla autoencoder

to present the efficacy of this new autoencoder architecture.

3.1. Hyperparameter Optimization with Genetic Algorithm: MurD

The genetic algorithm for each of the two cases of MurD was run for 30 generations
with population size of 30. Genetic algorithm parameters used are given in Table 3.1.
The objective function calculation for each hyperparameter combination is done with
10 repetition and the mean value is given to the genetic algorithm as the objective

function value. The convergence plot for the genetic algorithm is shown in Figure 3.1.
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Figure 3.1. Convergence of genetic algorithm for MurD case two for 30 generations

with 30 populations.
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As the generation number increases, the objective function (cRMSE) is mini-
mized so that the genetic algorithm converges more but with decreasing step sizes.
Higher generation numbers are needed for better minimization of objective function.
To increase the efficacy and speed of genetic algorithm, early stopping criteria is ap-
plied to the training process of the autoencoder [135]. With early stopping, when the
performance of the autoencoder in a given validation data does not improve for some
number of epochs, then the training halts without completing all the epochs defined.
The minimum change quantity to be counted as an improvement is set to 0.0001. And
the number of epochs with no improvements, also called patience, is set to seven. For
this purpose, 20% of the training data is chosen randomly as a validation set to be

used in early stopping.

Table 3.1. Genetic algorithm parameters.

Parameter Name Value

Population Size 30
Number of Generations 30
Elite Ratio 0.01

Mutation Probability 0.1

Parents Portion 0.3

The hyperparameter space explored for MurD is given in Table 3.2 for case one
and case two with minimal differences in range of hyperparameters explored. The best
performing hyperparameter combination from genetic algorithm for each of two cases of
MurD is listed in Table 3.3. Results showed that same activation function, regularizer,
batch size and hidden layer are the best hyperparameters for both of the cases. The
semi-supervised autoencoder is trained with these best hyperparameter combinations
using the training data from MurD MD trajectory. Then, the fitted model is used to
predict the test and train data separately. Using the reconstruction error from the

decoded coordinates, the RMSE per residue for test and train data is calculated.
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Table 3.2. Hyperparameters explored for MurD

Hyperparameters Case 1 Case 2
Activation Function Sigmoid Sigmoid
ReLLU ReLLU
SELU SELU
Regularizer () le-3, le-4, le-5 le-3, le-4, le-5
Learning Rate (n) le-3, le-4, le-5 le-3, le-4, le-5
Momentum (/) 0.7, 0.75, 0.80 0.7, 0.75, 0.80
0.85, 0.90, 0.95 0.85, 0.90, 0.95
Epoch 100, 200, 300 100, 200, 300
400, 500 400, 500
Batch Size 16, 32, 64 16, 32, 64
9256, 512 9256, 512, 1024
Hidden Layer Number 1,2, 3,4 1,2, 3,4

Dimension of Hidden Layer 1

100, 150, 180, 225, 250
300, 350, 410, 500, 650

100, 150, 180, 225, 265
350, 500, 1000, 1300, 1500

Dimension of Hidden Layer 2

20, 35, 60, 85, 110
130, 160, 200, 250, 300

20, 60, 85, 110, 130
160, 200, 250, 300, 500

Dimension of Hidden Layer 3

15, 18, 20, 25, 30
40, 50, 65, 80, 120

15, 20, 25, 30, 40
50, 65, 80, 120, 180

Dimension of Hidden Layer 4 5,7,9,10, 12 5,7,9,10, 12
15, 19, 24, 30, 40 15, 19, 24, 30, 40
Latent Layer Dimension 2,3,4,5,6 2,3,4,5,6
7,8 7,8,9, 10

The resulting rRMSE graph for case one is presented in Figure 3.2. According to

this graph, the training data performed better than test data as expected. The average
rRMSE for train and test data are 0.83 A and 1.57 A, respectively. The highest peak
for the test data is 10.04 A at the residue 242. And the other peaks around residue 185

shows that the semi-supervised autoencoder performs poorly on these regions. These
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peaks might be due to the inherent structure of the data where there are missing
residues on those regions in the original data that was reconstructed by Degiacomi
using MODELLER [78,79]. In addition, the rRMSE values are low in the N-terminal
domain while they are higher in the C-terminal domain. This behaviour is compatible
with the RMSF (root-mean square fluctuation) per residue calculation for the closed-
apo state which is the test data used in the predictions (Figure 3.3). Since the RMSF
values for the C-terminal region is higher than the rest of the structure, predicting these
highly unstable residues becomes challenging for the semi-supervised autoencoder. To
make the autoencoder more informed about the structure and dynamics of the protein,
the sine and cosine pairs of dihedral angle for each residue is given as an input feature

along with the coordinates of Ca in case two.

Table 3.3. Best hyperparameters for MurD obtained from GA.

Hyperparameters Case 1 | Case 2
Activation Function SELU | SELU
Regularizer () le-4 le-4
Learning Rate (1) le-3 le-4
Momentum (/) 0.95 0.75
Epoch 100 300
Batch Size 32 32
Hidden Layer Number 1 1

Dimension of Hidden Layer 1 250 1500

Dimension of Hidden Layer 2

Dimension of Hidden Layer 3

Dimension of Hidden Layer 4
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Figure 3.2. RMSE per residue (A) for the MurD case one showing the prediction
results for test (light blue line) and train (dark blue line) data.
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Figure 3.3. RMSF per residue (A) for the MurD closed-apo state which is the data
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selected for the test data for the semi-supervised autoencoder. Residue regions are

colored based on three domains of MurD.

The hyperparameter space for case two is slightly different than that of case one.

Since the input features are increased from 1311 to 3055 for case two compared to case
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one, the possible hidden layer dimensions are also changed accordingly (Table 3.2). The
genetic algorithm is run with the parameters same as the case one (Table 3.1). For
case two, the resulting best hyperparameters are shown in Table 3.3. Using these, the
semi-supervised autoencoder is trained and then tested. The resulting rRMSE graph

is shown in Figure 3.4 for train and test data.
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Figure 3.4. RMSE per residue (A) for the MurD case two showing the prediction
results for test (gray line) and train (red line) data. The best hyperparameter set is

found by the genetic algorithm with 30 generations and 30 populations.

Average rRMSE values for train and test data are 0.87 A and 1.37 A, respectively.
Again the training data performs better than the test data as expected. The peaks
around residues 185 and 242 and the fluctuations in the C-terminal are consistent with
the case one. A comparison of the test data rRMSE plots for two cases is given in
Figure 3.5. In case two, the C-terminal prediction is better as well as the average
rRMSE than the case one. The other RMSE values for reconstructed coordinates,

opening angles, and others are compared for the two cases in Table 3.4.
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Figure 3.5. Test data prediction rRMSE comparison for case one (light blue line) and

case two (gray line) of MurD using the hyperparameters obtained from running

genetic algorithm for 30 generations with 30 populations.

Table 3.4. RMSE values for MurD case one and two with 30 generations and 30

populations.
RMSE Type Case 1 | Case 2 | Unit

rRMSE 5, (Test) 1.57 1.37 A

rRMSE,y, (Train) 0.83 0.87 A

Coordinate RMSE s, (Test) 1.162 0.97 A

Coordinate RMSE 5, (Train) 0.53 0.56 A
Opening Angle RMSE,,, from Latent Layer (Test) | 1.36 2.35 | Degree
Opening Angle RMSE,, from EHL1 (Test) 1.41 1.73 | Degree
Dihedral Angle RMSEa., (Test) - 0.23 | Radian
Dihedral Angle RMSEa,, (Train) - 0.16 | Radian

cRMSE (GA Objective Function) 0.124 0.157 -

Likewise, when the absolute reconstructing errors are compared for case one and

case two test data, the second case showed better results. This suggests that addition
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of dihedral angle information improved the reconstruction of input data in the semi-
supervised autoencoder output. Again the errors in the C-terminal region and residues

183 and 242 are present in both of the cases but improved in the second case.
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Figure 3.6. Comparison of absolute errors of MurD case one and case two results with

a heat map.
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Figure 3.7. Convergence of genetic algorithm for MurD case two for 60 generations

with 60 populations.
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RMSE per Residue (rRMSE) for MurD Case 2 - GA
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Figure 3.8. RMSE per residue (A) for the MurD case two showing the prediction

results for test (green line) and train (red line) data. The best hyperparameter set is

found by the genetic algorithm with 60 generations and 60 populations.

Table 3.5. Best hyperparameters for MurD obtained from genetic algorithm for 60

generations with 60 populations.

Hyperparameters Case 2
Activation Function SELU
Regularizer () le-4
Learning Rate (n) le-4
Momentum () 0.75
Epoch 200
Batch Size 16
Hidden Layer Number 1
Dimension of Hidden Layer 1 150
Dimension of Hidden Layers 2, 3 and 4 0
Latent Layer Dimension 10
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Given the improved performance of semi-supervised autoencoder with the second
case of MurD, another genetic algorithm run was employed for 60 generations with 60
populations for case two. The remaining genetic algorithm parameters stayed the same.
The convergence of the genetic algorithm is shown in Figure 3.7. It is interesting that
the algorithm converged before 10 generations. The resulting best hyperparameters
are given in Table 3.5. These best hyperparameters are used in the downstream semi-
supervised autoencoder training. The obtained model is then used to predict the test
data. The rRMSE graphs for the train and test data is shown in Figure 3.8. The
average TRMSE values for train and test data are 0.80 A and 1.37 A, respectively.
The resulting RMSE table is given in Table 3.6. When the test rRMSE plots of case
two from the previous genetic algorithm run with 30 generations with 30 population is
compared to this result with 60 generations and 60 populations, there is no significant

difference between different runs for the genetic algorithm (Figure 3.9).

Table 3.6. RMSE values for MurD case two with 60 generations and 60 populations.

RMSE Type Case 2 | Unit
rRMSE Ay, (Test) 1.37 A
rRMSE s, (Train) 0.80 A
Coordinate RMSE,, (Test) 0.98 A
Coordinate RMSE 5, (Train) 0.51 A
Opening Angle RMSE,,, from Latent Layer (Test) | 1.16 | Degree
Opening Angle RMSE,,, from EHL1 (Test) 1.78 Degree
Dihedral Angle RMSE,, (Test) 0.23 | Radian
Dihedral Angle RMSE,, (Train) 0.16 | Radian
cRMSE (GA Objective Function) 0.15 -

The genetic algorithm with more generation and population converged faster
than the generation 30 run but overshoot the global optimum and trapped in the local
minimum. This problem can be achieved by running genetic algorithm with more

generations and populations. However, the computational time required for genetic



44

algorithm increases as the generation and population number increases. Therefore,

trying other hyperparameter optimization methods would address this problem.

Comparison of Test rRMSE for Different GA Parameters
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Figure 3.9. Comparison of rRMSE values for different runs of genetic algorithm for
case two of MurD. Generation 30 and population 30 is shown with pink line while the

generation 60 and population 60 is shown with green line.

Since the purpose of semi-supervised autoencoder is to extract the collective vari-
ables from the latent layer vectors, the resulting two-dimensional latent layer space from
test data prediction for latent layer vector combinations &, & and &3 are scatter plot-
ted and colored based on opening angle, RMSD, gyration and SASA in Figure 3.10,
Figure 3.11 and Figure 3.12 for case one (generation: 30, population: 30), case two
(generation: 30, population: 30) and case two (generation: 60, population: 60), re-
spectively for test data (transition from closed-apo to open state). The last column of
the figures shows the coloring variable values with respect to time in test data. Here,
100 ns simulation is the same as 1000 frame for the test data. For case one, latent
layer vector combinations (&1, &) and (&, &3) resulted in two distinct clusters. When
colored by the opening angle, these clusters are colored with the minimum (dark blue)
and maximum (brown) of opening angle which are representing the closed-apo state

(~70 degrees) and open state (~90 degrees) (Figure 3.10 (a)). This indicates that
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these latent vector combinations can be considered as good collective variables that
are showing two distinct states of the MurD. This alignment of distinct separation by
latent space vectors and the opening angle indicates that the use of opening angle in
the autoencoder with a semi-supervised manner successfully results in the extraction

of good collective variables that can distinguish between the two separate states.

Latent Space - MurD Case 1 - Generation:30, Population:30 - Test Data
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Figure 3.10. Two-dimensional latent space (first three columns) with combinations of
latent vectors &, & and &3 colored by opening angle (a), RMSD (b), gyration (c), and
SASA (d). Using best found hyperparameters from GA with 30 generations and 30
populations for MurD test data predictions of case one. Last column shows the

coloring variable w.r.t. time for test data.
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The RMSD of the test data (w.r.t. its starting structure) in the last column of
Figure 3.10 (b), shows distinct states for closed-apo (~1.5 A) and open (~5.5 A). The
coloring of the latent space is also compatible with these values. This indicates that
the latent space vector combinations, (£, &) and (&2, &), can be considered as a good
CV candidate representing the same distinct states similar to RMSD. The same logic
applies to the gyration in Figure 3.10 (c), as it is also showing two distinct states and

compatible with the latent space clusters.

Latent Space- MurD Case 2 - Generation:30, Population:30 - Test Data
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Figure 3.11. Two-dimensional latent space (first three columns) with combinations of
latent vectors &, & and &3 colored by opening angle (a), RMSD (b), gyration (c), and
SASA (d). Using best found hyperparameters from GA with 30 generations and 30
populations for MurD test data predictions of case two. Last column shows the

coloring variable w.r.t. time for test data.
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In Figure 3.10 (d), the last column shows the SASA plot of test data with respect
to time. As it can be seen from this plot, SASA does not clearly represent distinct
states. The coloring the scatter plots in the latent space by SASA does not show clear
color separation. This suggests that the latent space vector combinations for (&, &)

and (&, &) do not result in false positives.

Latent Space- MurD Case 2 - Generation:60, Population:60 - Test Data
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Figure 3.12. Two-dimensional latent space (first three columns) with combinations of
latent vectors &;,& and &3 colored by opening angle (a), RMSD (b), gyration (c), and
SASA (d). Using best found hyperparameters from GA with 60 generations and 60
populations for MurD test data predictions of case two. Last column shows the

coloring variable w.r.t. time for test data.
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For case two (generation: 30, population: 30), the resulting latent space does not
show distinct clusters when compared to the case one. There is still some groupings
though in latent vector combinations of (&, &) and (&, &) and they are compatible
with the coloring clusters by the opening angle, RMSD and the gyration. Again,
distinct coloring the clusters does not happen in SASA.

The results for case two (generation: 60, population: 60), in all of the latent space
vector combinations, show distinct clusters. And the clusters are colored according
to their corresponding coloring data with the expected behaviour for opening angle,
RMSD, gyration, and SASA. It is interesting that the semi-supervised autoencoder
reconstruction error results, rRMSD, is better in case two than case one, while the
latent space collective variable represents the intrinsic states of the simulation better

in case one.

3.2. Hyperparameter Optimization with Genetic Algorithm: AdK

The genetic algorithm for two cases of adenosine kinase was run for 30 gener-
ations with 30 population similar to MurD. The same genetic algorithm parameters
are used as in MurD (Table 3.1). Again the objective function (cRMSE) calculation
for each hyperparameter combination is computed as the mean of 10 repetitions. The

convergence plot of the genetic algorithm with AdK is given in Figure 3.13.

It can be seen that convergence for case two happens after 10 generations. For the
case one, after 10 generations it remains the same but after 25 generations it starts to
decrease again. That implies higher generation numbers are needed to achieve better
minimization of objective function. In contrast to MurD, the early stopping criteria is
not applied to genetic algorithm with AdK. This is because the size of the dataset is
smaller than the MurD and there is no need for stopping early because genetic algorithm

is faster in AdK. Therefore, early stopping criteria is opt out for this protein.
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Genetic Algorithm Convergence - AdK
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Figure 3.13. Convergence of genetic algorithm for AdK case one and two for 30

generations with 30 populations.

The hyperparameter space explored for the AdK is listed in Table 3.7. The same
hyperparameters are tested for case one and case two. The resulting best hyperparam-
eters are given in Table 3.8. The best hyperparameters for both of the cases resulted in
same autoencoder architecture with same number of nodes and layers while different

parameters for the loss function is observed.

Using the best hyperparameters from running genetic algorithm with 30 genera-
tions and 30 populations, the semi-supervised autoencoder is trained with the training
data prepared for AdK. Then, the fitted model is used to predict the test and train data
for AdK. The resulting rRMSE plots are given in Figure 3.14 for test and train data.
The average rRMSE values are 0.56 A and 0.35 A for test and train data predictions,
respectively. Training data performs better than the test data as anticipated. Overall,

the prediction for this protein yielded better results than the MurD.



Table 3.7. Hyperparameters explored for AdK

Hyperparameters Case 1 and Case 2
Activation Function Sigmoid
ReLLU
SELU
Regularizer () le-3, le-4, le-5
Learning Rate () le-3, le-4, le-5
Momentum (/) 0.7, 0.75, 0.80
0.85, 0.90, 0.95
Epoch 100, 200, 300
400, 500
Batch Size 16, 32, 64
256, 512
Hidden Layer Number 1,2,3

50

Dimension of Hidden Layer 1 50, 75, 90, 110, 125
150, 175, 205, 250, 325
10, 17, 30, 45, 55
65, 80, 100, 125, 150

Dimension of Hidden Layer 2

Dimension of Hidden Layer 3 7,9,10, 12, 15
20, 25, 35, 40, 60
Latent Layer Dimension 2,3,4,5,6

It should be noted that the dataset for AdK is very small compared to MurD.
The test data shows some peaks around residue 50 which is part of the NMP domain.
In the semi-supervised autoencoder, the NMP-CORE and LID-CORE angles are used
in a manner similar to opening angle in the MurD where the model semi-supervised
with these angle values. The RMSF of AdK is given in Figure 3.15. The peaks in the
rRMSE plot is in the similar residues as in the NMP domain. Although there is also

fluctuations in the LID domain, the rRMSE values are low there.
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Table 3.8. Best hyperparameters for AdK obtained from GA.

Hyperparameters Case 1 | Case 2
Activation Function SELU | SELU
Regularizer () le-3 le-4
Learning Rate (n) le-3 le-3
Momentum () 0.7 0.85
Epoch 500 300
Batch Size 32 16
Hidden Layer Number 1 1
Dimension of Hidden Layer 1 110 110
Dimension of Hidden Layer 2 0 0
Dimension of Hidden Layer 3 0 0
Latent Layer Dimension 6 6

RMSE per Residue (rRMSE) for AdK Case 1 - GA
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Figure 3.14. RMSE per residue for the AdK case one showing the prediction results
for test (light blue line) and train (dark blue line) data. The best hyperparameter set

is found by the genetic algorithm with 30 generations and 30 populations.
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To follow a similar pipeline with the MurD, in case two of AdK, the sine and
cosine pairs of dihedral angles for the residues are also given to the semi-supervised
autoencoder along with the Ca coordinates. The hyperparameter space explored for
the case two of AdK is the same as the case one (Table 3.7). The best hyperparameter
combination for the case two is given in Table 3.8. Using these hyperparameters, the

semi-supervised trained and then the test and train data are predicted.

RMSF per Residue - AdK
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Figure 3.15. RMSF per residue for the AdK.

The rRMSE plot for the test and train data is given in Figure 3.16. The average
rRMSE values are 0.63 A and 0.35 A for test and train data, respectively. In the rRMSE
plot, the test data prediction is poor in the NMP region and in the residues around
10. However, overall prediction performance is good as in case one. A comparison
of rRMSE values for case one and case two are shown in Figure 3.17. Although they
are almost the same, case one is performing better in predicting the NMP region. The
other RMSE values for reconstructed coordinates, LID-CORE and NMP-CORE angles,

and others are compared for the two cases in Table 3.9.
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RMSE per Residue (rRMSE) for AdK Case 2 - GA

2.00
— Test
1.75 —— Train
1.50
1.25
<
g 1.00
=
o
0.75
0.50
0.25
0.00
0 25 50 75 100 125 150 175 200

Residue Number
Figure 3.16. RMSE per residue for the AdK case two showing the prediction results
for test (gray line) and train (red line) data. The best hyperparameter set is found by

the genetic algorithm with 30 generations and 30 populations.

Comparison of Test rRMSE for AdK Case 1 and Case 2 - GA
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Figure 3.17. Test data prediction rRMSE comparison for case one (light blue line)

and case two (gray line) of AdK using the hyperparameters obtained from running

genetic algorithm for 30 generations with 30 populations.
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Although both of the cases performed good, to understand the effect of more
generations and populations, another genetic algorithm was run for case two for 60
generations with 60 populations. The convergence plot of the genetic algorithm is
given in Figure 3.18. It can be seen that the genetic algorithm converged after 40
generations. Compared to the previous genetic algorithm runs with AdK, it took three
days to complete for 60 generations and 60 populations. The hyperparameter space ex-
plored is the same as the previous runs (Table 3.7). The resulting best hyperparameter

combination is listed in Table 3.10.

Genetic Algorithm Convergence - AdK
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Figure 3.18. Convergence of genetic algorithm for AdK case two for 60 generations

with 60 populations.

After obtaining the best hyperparameters from genetic algorithm with 60 gener-
ations and 60 populations, the next step is to run the semi-supervised autoencoder for
AdK case two. The resulting rRMSE plot for test and train is given in Figure 3.19.
The average rRMSE values are 0.7 A and 0.43 A for test and train data, respectively.
The poor performance on NMP domain increased and it also got worse than the pre-
vious runs for predicting the LID domain around residue 150. A comparison with the

different runs of case two is given in Figure 3.20. The other RMSE calculations for
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the LID-CORE and NMP-CORE angle predictions from latent layer and first encoder
hidden layer is listed in Table 3.11. Interestingly, the performance of the bet hyper-
parameters found by longer genetic algorithm is worse than running the algorithm
with lower generations and populations. The reason for that the genetic algorithm
is got trapped in a local minima point. To overcome this, increasing the generation
and population number would help. However, running 60 generations takes three days
increasing the generation number will lead to longer computational calculations and

therefore it is not feasible.

Table 3.9. RMSE values for AdK case one and two with 30 generations and 30

populations.

RMSE Type Case 1 | Case 2 | Unit

rRMSE Ay, (Test) 0.56 0.63 A

rRMSE A, (Train) 0.35 0.35 A

Coordinate RMSE 4y, (Test) 0.34 0.38 A

Coordinate RMSEay, (Train) 0.20 0.20 A
LID-CORE Angle RMSE,,, from Latent Layer (Test) 1.18 1.84 | Degree
NMP-CORE Angle RMSE, from Latent Layer (Test) 0.8 1.91 | Degree
LID-CORE Angle RMSE,, from EHL1 (Test) 1.05 1.43 | Degree
NMP-CORE Angle RMSE,y, from EHL1 (Test) 0.98 1.64 | Degree

cRMSE (GA Objective Function) 0.19 0.21 -

Since the aim of the semi-supervised autoencoders is to derive collective variables
from the latent layer vectors, the resulting latent space from case one, case two (gener-
ation: 30, population: 30) and case two (generation: 60 and population: 60) are pre-
sented in Figure 3.21, Figure 3.22, and Figure 3.23, respectively. Each two-dimensional
combinations of latent space vectors (£; and &, & and &3, & and &) are scatter plotted
and colored based on the corresponding LID-CORE angle, NMP-CORE angle, RMSD,
gyration and SASA. In the last column, these coloring variables are shown with respect
to time (20 ps). Due to the small amount of test data sample, the latent space vectors

are consists of 20 points which makes it difficult to show significantly distinct clusters.
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Table 3.10. Best hyperparameters for AdK obtained from genetic algorithm for 60

generations with 60 populations.

Hyperparameters Case 2
Activation Function SELU
Regularizer () le-3
Learning Rate (1) le-3
Momentum (/) 0.7
Epoch 400
Batch Size 32
Hidden Layer Number 1
Dimension of Hidden Layer 1 150
Dimension of Hidden Layer 2 0
Dimension of Hidden Layer 3 0
Latent Layer Dimension 6

RMSE per Residue (rRMSE) for AdK Case 2 - GA
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Figure 3.19. RMSE per residue for the AdK case two showing the prediction results
for test (green line) and train (red line) data. The best hyperparameter set is found

by the genetic algorithm with 60 generations and 60 populations.
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Comparison of Test rRMSE for Different GA Parameters for Case 2
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Figure 3.20. Comparison of rRMSE values for different runs of genetic algorithm for
case two of AdK. Generation 30 and population 30 is shown with pink line while the

generation 60 and population 60 is shown with green line

Table 3.11. RMSE values for AdK case two with 60 generations and 60 populations.

RMSE Type Case 2 | Unit
rRMSE 5, (Test) 0.70 A
rRMSEay, (Train) 0.43 A

Coordinate RMSEay, (Test) 0.43 A
Coordinate RMSEay, (Train) 0.25 A

LID-CORE Angle RMSE,,, from Latent Layer (Test) 1.07 | Degree
NMP-CORE Angle RMSE,, from Latent Layer (Test) | 0.87 | Degree

LID-CORE Angle RMSE,y, from EHL1 (Test) 1.01 | Degree
NMP-CORE Angle RMSE,,, from EHL1 (Test) 3.07 | Degree
cRMSE (GA Objective Function) 0.20 -

In case one, the latent space vector combination, & and &, showing a diagonal
distribution of points where the coloring transitions are visible for NMP-CORE an-

gle, RMSD and gyration. There is also some coloring transition in LID-CORE angle
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coloring, but not as strong as others. This is expected since the LID-CORE angle
with respect to time is not as dramatically changing as the other three. SASA is not
differentiating between the two states as well. And the coloring of the transition is not
as clearly visible in SASA. For the other vector combinations, it can be also seen that
there are some sort of groupings. Especially in the & and &3 combination. Coloring

transition behaviour is consistent in this vector combination as in the previous one.

Latent Space - AdK Case 1 - Generation:30, Population:30 - Test Data
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Figure 3.21. Two-dimensional latent space (first three columns) with combinations of
latent vectors 1, 2 and 3 colored by LID-CORE angle (a), NMP-CORE angle (b),
RMSD (c), gyration (d), and SASA (e). Using best hyperparameters from genetic
algorithm with 30 generations and 30 populations for AdK test data predictions of

case one. Last column shows the coloring variable w.r.t. time for test data.
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In case two from genetic algorithm with 30 generations and 30 populations, the
vector combinations does not hold clearly separated points (Figure 3.22). Only in the
last combination, & and &3, the transition behaviour is observed. And the coloring by
NMP-CORE, RMSD and gyration is very similar and they are followed by the LID-
CORE angle in terms of performance quality. This can imply that since the case one

RMSE values are better than case two, the collective variable quality is also better in

case one.
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Figure 3.22. Two-dimensional latent space (first three columns) with combinations of
latent vectors 1, 2 and 3 colored by LID-CORE angle (A), NMP-CORE angle (B),
RMSD (C), gyration (D), and SASA (E). Using best hyperparameters from genetic
algorithm with 30 generations and 30 populations for AdK test data predictions of

case two. Last column shows the coloring variable w.r.t. time for test data.

Although the case two with 60 generations and 60 populations has the worst

RMSE, the diagonal transition behaviour of the points are better in this last one
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(Figure 3.23). In all of the two-dimensional latent space combinations, the diagonal
distribution of points observed with two distinct state representations at the ends of the
diagonal. Again, the NMP-CORE angle, RMSD and gyration coloring are clearly seen
on the points followed by LID-CORE angle coloring. And the SASA is not performing
good as expected. Even if the size of the data is too small, it is clearly representing a
transition from closed state to the open state. It is curious to observe that in both MurD
and AdK, where the worst performing cases in terms of rRMSE (case one in MurD
and case two in AdK), are the best performing ones in terms of CVs for representing

the distinct states.
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Figure 3.23. Two-dimensional latent space (first three columns) with combinations of
latent vectors 1, 2 and 3 colored by LID-CORE angle (A), NMP-CORE angle (B),
RMSD (C), gyration (D), and SASA (E). Using best hyperparameters from genetic
algorithm with 60 generations and 60 populations for AdK test data predictions of

case two. Last column shows the coloring variable w.r.t. time for test data.



The proposed semi-supervised autoencoder model is compared with a baseline
model, vanilla autoencoder, where there is only encoder and decoder for MD trajectory
coordinates. Semi-supervised autoencoder differs from vanilla autoencoder with extra
output nodes coming from latent layer and encoder hidden layers by providing extra
information of opening angle. The performance two models are compared for their

RMSE values per residue (rRMSE) and time (fRMSE) in Figure 3.24 using MurD test

3.3. Semi-supervised Autoencoder vs Vanilla Autoencoder

data prediction for case one and for case two in Figure 3.25.
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3.24. Comparison of SAE and VAE model performances with MurD case one.

simulation time, and (d) distribution of fRMSE values.
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For case one in Figure 3.24, the rRMSE profiles demonstrate comparable accu-
racies between the SAE and VAE models, as indicated by a non-significant p-value of
0.771. Conversely, a marked distinction is observed in the fRMSE values over the 100 ns
trajectory, with the SAE model demonstrating a statistically significant improvement

in performance (p < 0.001).
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Figure 3.25. Comparison of SAE and VAE model performances with MurD case two.
(a) rRMSE for test data, (b) rRMSE distribution, (c¢) fRMSE across simulation time,
and (d) distribution of fRMSE values.

For case two, presented in Figure 3.25, the SAE model exhibits marginally lower
rRMSE values than the VAE model, suggesting a subtle yet statistically significant
edge (p = 0.00614). This advantage is magnified in the fRMSE distribution over the
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simulation duration, with the SAE model showing a highly significant lead in accuracy
(p < 0.001), as confirmed by the Mann-Whitney U test. This suggests that the addition
of dihedral angle information is significantly improves the performance of the semi-
supervised autoencoder. The heatmap visualizations in Figure 3.26 present a detailed
comparison of the absolute prediction errors across different MurD cases for both SAE
and VAE models. In panels (a) and (b), representing case one, the SAE model displays
a largely uniform error distribution over time, with spikes in errors at residues 242 and
185. The VAE model, on the other hand, exhibits a similar error pattern but with
a slightly higher frequency of error peaks, as denoted by the red streaks across the

timeline.
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Figure 3.26. Heatmap visualization of absolute errors in test data predictions for SAE
and VAE models across different MurD cases. (a) SAE model errors for case one over
time, (b) VAE model errors for case one, (¢) SAE model errors for case two, and (d)
VAE model errors for case two. The color scale indicates the magnitude of error, with

red representing higher error.
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For case two, as shown in panels (c¢) and (d), the error landscape changes markedly.
The SAE model maintains a relatively consistent error profile with fewer instances of
high error, while the VAE model reveals a broader spread of significant errors, partic-
ularly in specific regions that appear as vertical red lines. This implies that for case
two, the SAE model predicts certain residues with greater accuracy than the VAE
model. The color intensity in these heatmaps, ranging from blue to red, quantitatively
underscores the regions where the models struggle to accurately predict. Red zones are
indicative of areas with the highest errors and are particularly revealing of the temporal
and spatial inaccuracies in the models’ predictions. From the temporal information,
it can be seen that the errors increase in the C-terminal region and the peaks after
around 10 ns, which corresponds to the ending of the closed state. This suggests that
VAE poorly predicting the transition and open structures of the MurD because of the
flexibility in these regions. However, SAE is still performing better in C-terminal even

though it is flexible.

3.3.1. Secondary Structure Analysis

In addition to evaluating the overall performance of the semi-supervised autoen-
coder and vanilla autoencoder in generating conformations, the precision of these mod-
els in predicting secondary structure changes over time is explored through secondary
structure analysis. Specifically, the accuracy of secondary structure predictions is as-

sessed for MurD enzyme in the APO state (test data), focusing on case two.

Figure 3.27 offers a side-by-side representation of the actual versus predicted
secondary structures as rendered by the SAE model. The left panel validates the
actual secondary structures, depicting the expected persistence and fluctuations of a-
helices (blue), -sheets (red), and loops (gray) across the timeline. The right panel of
Figure 3.27 showcases the SAE’s secondary structure predictions. Notably, the SAE
model maintains a strong agreement with the actual data, particularly in the consis-
tent portrayal of a-helices and (-sheets, though slight deviations can be observed in

the prediction of loops over time. The percentage of overall prediction of secondary



65

structures by SAE case two is 86.86 % (Table 3.12). This similarity in the patterns be-
tween the actual and SAE-predicted data underscores the model’s capability to capture

and replicate the secondary structure dynamics.

Loop Il Beta-Sheet Il Alpha-Helix

MD Actual Data - MurD APO State SAE Predicted Data - MurD APO State

Residues
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Figure 3.27. Comparison of secondary structure evolution in MurD APO state for
case two over 100 ns between (a) actual molecular dynamics data and (b) SAE model

predictions, highlighting a-helices (blue), -sheets (red), and loops (gray).

Extending the analysis to the VAE model, Figure 3.28 shows the comparison
against the actual MD data. In left, the secondary structure as determined by direct
MD simulations observed, which provides a reference for evaluating the VAE model’s
performance. Right panel reveals the predictions made by the VAE model. There
is a notable agreement with the actual MD data, particularly with the a-helices and
[B-sheets. Interestingly, the VAE model seems to offer a marginally better prediction
of loop structures compared to the SAE model, suggesting an enhanced capability
in capturing the flexible aspects of the protein. The percentage of overall prediction

performance of VAE in case two is 85.18 % (Table 3.12).
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The overall matched structures and unmatched structures for the actual and
predicted data can be seen better in Figure 3.29, where black dots represent the un-
matched secondary structure while gray regions shows the prediction’s agreement with
the actual structures. The two models are compared in terms of the errors in pre-
dicting the secondary structure. According to these, the SAE model performs slightly
better in overall prediction, especially in the C-terminal region of the MurD enzyme.
A snapshot of structures at 50 ns is also shown below their corresponding plots. The
predicted and actual structures are aligned and colored as cyan, red and blue for ac-
tual, SAE-predicted and VAE-predicted, respectively. From these alignments, some of
the deviations in the predictions can be observed. For example, the SAE-predicted
structure mistakenly shows (-sheet instead of loop (shown by arrows on the figure) in
the C-terminal region of the protein. Likewise, the VAE-predicted structure shows the
same mistake as well with the addition of more mismatch such as predicting loops as

a-helix.
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Figure 3.28. Comparison of secondary structure evolution in MurD APO state for
case two over 100 ns between (a) actual molecular dynamics data and (b) VAE model

predictions, highlighting a-helices (blue), -sheets (red), and loops (gray).
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Figure 3.29. Secondary structure prediction errors for MurD case two with black dots
indicating errors and gray areas showing correct predictions by SAE (left) and VAE
(right) models. The lower images compare the actual protein conformation (cyan)
against SAE (red) and VAE (dark blue) predictions at 50 ns, highlighting regions

with significant prediction deviations.

Table 3.12. Percentage of matching secondary structure elements between test

structures and their reconstructed equivalents.

Autoencoder Architecture Type | Case 1 | Case 2
Semi-supervised Autoencoder 85.67 % | 86.86 %
Vanilla Autoencoder 86.39 % | 85.18 %

This visual comparison is crucial in assessing the models’ abilities to accurately

capture the complex folding and unfolding patterns that occur in protein secondary

structures over time. The figures reveals that both models have a tendency to mispre-
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dict certain regions, which could correspond to the protein’s more dynamic segments,
such as loop regions or turns that are inherently difficult to predict due to their variable
nature. It is also observed that both of the models poorly predict the transition regions
where two of the secondary structures are next to each other. For example transition-
ing from a-helix to loop presents challenge for the autoencoders to predict which one
is which. Nevertheless, the overall shape and folding patterns are remarkably well cap-
tured by both models, with the SAE model showing a slightly better congruence with

the actual structure.

In all of the analysis so far in MurD APO state, it can be clearly observed that
predicting the C-terminal region of MurD enzyme is challenging. This might be due
to the fact that the opening and closing movements of the protein is directed by its
C-terminal domain. The flexibility in this domain makes it challenging for the semi-
supervised autoencoder to predict. The APO state starts with the closed structure and
after around 10 ns it starts to transition to the open state and after 30 ns it is completely
open. The C-terminal prediction performance of the autoencoders in general also
decreases after 10 ns as it can be seen in the heat maps in Figure 3.26. However, when
SAE is compared to VAE, prediction of C-terminal regions are significantly better.
The C-terminal is more stable in close state than in the transition and open state.
Therefore, it is hard to correctly predict the unstable regions of the MurD with the
vanilla autoencoder. It can also be seen from the secondary structure analysis that
predicting the loop regions also problematic since they are also highly flexible regions.
It can be concluded that the overall prediction performance of the semi-supervised

autoencoder is significantly better than the vanilla autoencoder.
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4. CONCLUSION

Understanding the conformational dynamics of proteins is the first step to un-
cover their mechanism of action. Through molecular dynamics simulations, realistic
representation of these conformational changes of the proteins at the atomic level can
be investigated. Given the large number of atoms present in a protein, computing
atomic level interactions for simulation trajectory requires excessive computational
time and resources. To analyse and understand the large amount of MD trajectory
data of proteins, there are several methods to reduce the dimensionality of the data and
obtain the reduced representation of the protein movement. These reduced represen-
tations are also called collective variables. These variables should be chosen carefully
to represent the large scaled movements in a protein. Geometric collective variables
such as RMSD, radius of gyration, and opening angles are used extensively. However,
not all the conformational changes of proteins can be represented by these collective
variables. In addition, choosing the correct collective variable is intuition driven spe-
cific to each protein under investigation. More automated approaches are developed
for the discovery of collective variables. Data-driven approaches combined with the
advanced machine learning techniques are becoming popular in recent years. Neural
network based deep learning methods are offering interesting approaches to collective
variable discovery. Autoencoders, a neural network type, are being extensively used
as a dimensionality reduction technique. And in the last decade, major amount of
research is going on for collective variable extraction from MD simulation data using

autoencoders.

Autoencoders consists of an encoder, decoder, and a latent layer. The MD sim-
ulation data of proteins are given to the encoder layers by gradually reducing the
dimensions up to latent layer, i.e. bottleneck layer. The vectors from the latent layer
space can be used as collective variables to understand their function and movement.
Obtaining the best collective variables that can represent the dynamics of the proteins

dependent on the fine-tuned autoencoder architecture and features given to the au-
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toencoder. For the purpose of obtaining correct collective variables in an automatic
manner through employing autoencoders, a semi-supervised autoencoder architecture
is used in this thesis. The performance of semi-supervised autoencoder is tested on
two different proteins MurD and adenosine kinase, using their MD simulation data.
These proteins are selected because of the nature of their dynamics involves distinct
conformational states that can be represented by the geometric collective variables
for testing the validity of the proposed semi-supervised autoencoder model. So that
the latent space extracted collective variables from semi-supervised autoencoder can
be compared to these geometric collective variables to measure the performance. To
test the effect of using different features for these proteins, two different cases applied
for both of the proteins. In case one, only the coordinates of Ca atoms used from
the MD trajectory to prepare test and train datasets. In case two, along with the
coordinates, the sine and cosine pairs of dihedral angles for each residue is also given
to the semi-supervised autoencoder as a feature. To achieve better performance of
the autoencoder, hyperparameters of semi-supervised autoencoder are optimized using
genetic algorithm. The optimized hyperparameters include activation function, regu-
larizer, learning rate, momentum, epoch number, batch size, hidden layer number, and

dimensions of each hidden layer.

The optimization by genetic algorithm yielded good results for MurD and AdK.
The best collective variables for MurD are obtained through using the Ca coordinates
of simulation trajectory with running genetic algorithm for 30 generations with 30 pop-
ulations. The addition of dihedral angle information as a feature did not yield good
CVs when compared to the former case. However, increasing the generation and pop-
ulation number of the genetic algorithm improved the collective variable extraction in
the second case. Interestingly, when the reconstruction errors of encoded and decoded
outputs are compared, the addition of dihedral angles in case two of MurD yielded
best results. For AdK, the same behaviour observed. The collective variables from Ca
coordinates yielded better results than addition of dihedral angles. The performance
of the second case increased when the generation and population number increased

in genetic algorithm run. These findings suggests that, increasing the generation and
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population number of the genetic algorithm improves the latent space representation
hence collective variables. However, as the number of generations and populations in-
crease the computational time also increases taking days and even weeks to complete
even for relatively small number of 60 generations. Considering these, it can be noted
that optimized autoencoder architecture can lead to better reduced representation.

However, choosing a fast and accurate optimization method is crucial.

For testing the performance of the proposed semi-supervised autoencoder, it was
compared with a baseline autoencoder, vanilla autoencoder for MurD enzyme data.
It was observed that semi-supervised autoencoder architecture performed significantly
better than the vanilla autoencoder in case when the Ca atoms and dihedral angles are
used in the input data. This shows that the addition of extra output layers coming from
the latent layer and encoder hidden layer decreases the reconstruction error in protein
MD simulation trajectory predictions. It was also observed that in all of the analysis
of MurD enzyme, the C-terminal region is challenging to predict in the transition and
open states. C-terminal region is highly flexible due to its role in directing the opening

and closing of the enzyme during its catalytic process.

This study adds to our knowledge of hyperparameter optimization of autoen-
coders as well as the collective variable extraction methods. The collective variables
obtained from the latent layer of the semi-supervised autoencoder can be used in the
downstream enhanced sampling algorithms. This research has also thrown up many
questions in need of further investigation. Different optimization methods other than
genetic algorithm can be tested for semi-supervised autoencoder. Moreover, to prevent
the trapping in the local optimum in genetic algorithm, more generations and more pop-
ulations can be tried if the computational time issue is solved. For the reconstruction
error, the highly flexible regions presents a challenge for both the semi-supervised and
the baseline autoencoder. This issue can be solved by improving the semi-supervised
autoencoder architecture by addition of extra information other than the opening angle
or training the autoencoder with more simulation trajectory data of the transition and

open states. Further research is needed to provide solutions to these problems.
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APPENDIX A: SOFTWARE

The Python scripts and data used for this thesis can be reached from this link:
https://drive.google.com/drive/folders/11--cpiGh4QWismiPBhp5Lb_LBJ_2M0OJw?

usp=sharing. Below is a detailed explanation of the organization of the folders.

/Semi-Supervised Autoencoder: This folder contains the data and Python scripts
for running a semi-supervised autoencoder using MurD or AdK protein simulation

trajectories for their two different cases.

/Genetic Algorithm: This folder contains the data and Python scripts for running
a genetic algorithm for hyperparameter optimization of semi-supervised autoencoder

using MurD or AdK protein simulation trajectories for their two different cases.



