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I Abstract
Enzyme engineering plays a crucial role for industry and research, but the expensive and time-
consuming evaluation of mutants in the laboratory limits the number of variants that can be
explored. Therefore, researchers started to investigate the usage of machine learning for predict-
ing enzyme mutation effects. Many different algorithms and embeddings have been developed
in this context.
This work contains a comparison of multiple different embedding strategies and machine learning
algorithms. It was shown that embeddings based on transfer learning improve the accuracy of the
predictions across a variety of different proteins. Both a novel technique for processing multiple
sequence alignments with autoencoders and the application of state-of-the-art natural language
processing techniques have been investigated. On the model side, a novel k-convolutional neural
network that uses the three-dimensional structure of the protein was developed and compared to
the other models. The application of support vector machines that use transfer learning provided
accurate predictions of protein mutation effects. All hyperparameters have been optimized
automatically with distributed computing.
Furthermore, the comparison is accompanied by a thorough sensitivity analysis, which discovered
multiple interesting effects, including starting points for further improvements. Additionally,
the effects of various properties inherent to the datasets were investigated. It was shown that
a larger dataset size strongly correlates to higher performance and that the lack of mutants
with multiple mutations in the training dataset degrades performance significantly. Finally, a
measure of epistasis was defined and its negative correlation to model performance was shown.
Using the sensitivity analysis, it was demonstrated that the proposed methods can learn some of
the epistasis in the dataset. In conclusion, this work provides multiple contributions to the field
which will aid in further improvement of protein mutation effect prediction and its application
in industry and research.
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1 Introduction to mutagenesis studies for enzyme
optimization

1.1 Topic relevance
A natural organism has a variety of tasks it must accomplish, e.g. processing food to usable
energy for movement. Many of these require a chain of chemical reactions to transform the
reactants into the desired products [1–3]. However, many of these reactions would not happen
at the required speed naturally. To catalyze these reactions, organisms use i.a. enzymes, that are
specifically tuned to the reaction and the environmental conditions and accelerate the reaction
without being consumed in the process by lowering the activation free energy. For example,
lactase is an enzyme that can separate lactose (milk sugar) into galactose and glucose. While
the reactant cannot be absorbed by the gastrointestinal wall, the products can be transferred
into the bloodstream. Thus, this enzyme enables a reaction that is crucial to the processing
of milk, and humans without this enzyme suffer lactose intolerance [4]. Besides enzymes, other
proteins are engineered, too. For example, the green fluorescent protein (GFP) is used as a
marker in many studies [5–7].
Enzymes are proteins, and as such, they can be defined as a chain of amino acids. There are 20
dominant naturally occurring amino acids, called canonical amino acids. The DNA encodes the
protein sequences and is transcribed to mRNA, which is finally translated to the corresponding
primary amino acid sequence. A functional protein or enzyme is obtained after folding to its
native three-dimensional structure. Thus, the properties of a protein can be changed by altering
some of the amino acids in its sequence [8]. A single alteration is called a mutation, while the
resulting sequence is a mutant of the wild type. This process is an important part of evolution,
where proteins mutate to suit the changing environmental properties [9].
For industry and research, enzymes are of great interest due to their catalytic properties. How-
ever, taking a wild type (WT) enzyme from a suitable organism might not be the best choice.
Instead, it can be beneficial to create mutants from it. Then, each mutant can be assessed in
terms of the target property, e.g. activity or stability, and the best mutant can finally be used
in subsequent applications. This process is known as enzyme engineering and especially the
method of directed evolution and has become increasingly important in the past years [10]. For
her pioneering work in this field, Frances H. Arnold was awarded the Nobel Prize in chemistry
in 2018 together with George P. Smith and Sir Gregory P. Winter [11]. The basic mutagenesis
study template is as follows (Figure 1): First, select a set of mutants. Second, evaluate the target
value for each mutant. Third, repeat this process until no further optimization is possible or a
sufficiently good enzyme was found. When selecting the next set of mutants during repetition,
the mutants are selected based on the existing knowledge of the mutational landscape derived
in prior iterations.
This process comes with several problems: On the one hand, due to the length of protein
sequences (> 100 amino acids), the directed evolution approach suffers from an exponential
blowup, i.e. the number of possible mutants grows exponentially with the number of mutations.
On the other hand, experimentally evaluating a single mutant is expensive, as the protein must
be expressed by bacteria and evaluated with an appropriate experimental setup. Consequently,
there are two ways of making directed evolution feasible: First, one can limit the mutations
considered in the first iteration by careful selection [12]. Second, one can try to predict a
specific mutant’s target value from the knowledge obtained in prior iterations before conducting
the experimental evaluation. For the latter, machine learning has become increasingly important
in recent years [13].
Machine learning promises to derive a model from existing enzyme mutation data that predicts
the target value for new mutants. For example, one can start the first round of the mutagenesis
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Figure 1: The directed evolution scheme.

study with a random selection of mutants. Then, the derived data can be used to train a
model which predicts the target value from the sequence. This way, the model provides a priori
information on the expected mutant quality which can be used as a heuristic in the selection of
the next mutants to try experimentally [14].
However, there are several challenges in applying machine learning to enzyme mutation data.
First, mutations are not additive. If one combines two mutations that positively influence
the target value, the target value of their combination might be both higher or lower than the
addition of the two values, i.e. there is not necessarily a linear correlation. This is called positive
or negative epistasis, respectively, and is a problem for predicting the target value for manifold
mutants [8]. Because the protein folding can bring amino acids close to each other which are far
apart in the sequence, these interactions can span over distant amino acids.
Additionally, the sequence-function data collected in a mutagenesis study is usually small due
to the high cost of evaluating many different mutants. This is further constrained by the time
of application of machine learning: Due to the use of the method in the study design, it should
be applied as early as possible in the study, where not all sequence-function pairs have been
collected, yet. The order of the study induces the additional problem of inhomogeneous training
and test data. While a study typically starts with a set of single mutants, whose function values
provide the training data for the algorithm, the model will be used to predict variants with
multiple mutations for later iterations. Details on the designs of the studies used in this thesis
will be presented later.

1.2 Related work
In a comprehensive study, Xu et al. [15] compared many different preprocessing techniques
and machine learning algorithms for the prediction of target values for four publicly available
datasets with 81 - 51,715 data points. They compared many classical machine learning methods
and two neural network architectures. From these, the best performing models were a support
vector machine and a stacked convolutional neural network. They also used advanced ways of
embedding the amino acids into numerical feature vectors. Most notably, the best perform-
ing embeddings include features derived from AAindex [16–19], a database containing various
numerical features for each of the 20 canonical amino acids and their pairwise combinations.
However, Xu et al. have found the embedding selection to be less important than the machine
learning algorithm selection.
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Cadet et al. [8] took a different way in their development of the innovative sequence-activity
relationship model (innov’SAR) by using a significantly smaller dataset with just 43 data points.
They found that when using a partial least-squares regressor, i.e. a linear regressor, applying the
fast Fourier transformation (FFT) on the input data encoded by just one of the AAindex values
yields significantly better results than without applying the FFT. They report a high coefficient
of determination for their test dataset that comprised five arbitrarily selected mutants.
In a literature overview, Yang et al. [20] provided a high-level comparison of different machine
learning methods and two case studies. One of the case studies included innov’SAR. They
developed a flow chart for selecting a machine learning algorithm. Specifically, the flow chart
only recommends neural networks for more than 10 000 samples. In many other cases, they
recommend support vector machines or decision trees. They promoted the usage of transfer
learning, where knowledge from large databases of sequences with unknown functions should be
transferred to the specific problem at hand.
One approach in this direction is the usage of evolutionary data. To this end, multiple evolution-
ary similar sequences are aligned. On manual inspection, one can find interesting information
in these alignments [9]. Alternatively, one can use unsupervised machine learning methods to
extract useful information from them automatically. Sinai et al. [21] used a variational autoen-
coder for learning a latent representation of the evolutionary landscape which consisted of just
5 variables. The idea behind this is that although there are 20n sequences with length n, only
a small fraction of these sequences are functionally relevant and in the considered evolutionary
neighborhood. From the autoencoder, a probability of every single sequence occurring in this
evolutionary neighborhood can be derived. Sinai et al. showed that this probability correlates
with enzyme activity. Additionally, one can inspect the internal latent representation learned
and observe clusters of similar sequences.
Similar to the local evolutional landscape of a single mutant, one can train models on the global
landscape of all known protein sequences. In this context, transferring methods from natural
language processing (NLP) to protein data is popular. Language models like BERT [22] try to
approximate the grammar of a language by modeling the probability of a masked word given
its context1. For example, given the context “The chef [mask] the meal.”, the language model
should predict a high probability for the word “cooked”, but a low probability for the word “ate”
(Example adapted from Clark et al. [23]). The unique advantage of these models is that they
can train on unlabeled data, i.e. on raw sentences with unknown meaning. There are millions of
sentences available on the internet. Although this task is not directly useful for most problems,
the features the language model learns can be transferred to downstream tasks, e.g. question
answering. These transfer learning approaches are the current state-of-the-art for many NLP
problems [22]. The popular word2vec model [24, 25] was transferred to protein sequences in the
development of ProtVec [26]. However, Xu et al. have found its embeddings to be not useful for
mutation effect prediction [15]. But, in the past few years, many new language models have been
developed, that provide an increasingly better understanding of natural language beyond word
co-occurrence. Recently, Elnaggar et al. [27] transferred many state-of-the-art language models
from NLP to protein sequences, including Bert [22], Albert [28], ELECTRA [23], T5 [29], and
XLNet [30]. They trained recent state-of-the-art language models on large genome databases of
millions of unlabeled amino acid sequences, resulting in a set of protein language models. The
learned features can be extracted as numerical vectors from the protein model. They showed the
use of these embeddings in downstream tasks like protein location classification. Additionally,
basic properties like protein type or acid charge can be observed in a two-dimensional projection
of the embedding space.

1There are variations of this problem, but they have in common that the model tries to infer missing
information from context.
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1.3 Aims of this work
The aim of this work is the investigation of various machine learning approaches to predicting the
target value of a mutant sequence, given a set of known sequence / target-value relationships.
To this end, multiple ways of feature engineering and different machine learning algorithms
will be combined and their performances are assessed on various datasets. The primary aim
is to compare the performance of these methods to each other and find their strengths and
weaknesses. The datasets differ in size, target protein, target value, mutation distribution, and
mutagenesis study type. Secondary, the usage of transfer learning will be explored, i.e. the
transfer of knowledge derived from unlabeled sequences to the specific protein and its mutants
at hand. Here, both a global approach that uses many arbitrary sequences and a local approach
that uses an evolutionary neighborhood will be employed. Additionally, comparisons will be
made regarding the distribution of single and manifold mutants and the size of the dataset itself.
Finally, a sensitivity analysis will be conducted on suitable models. This analysis allows for the
attribution of the prediction to the individual inputs.
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2 Main definitions and problem statement
2.1 Problem definition
As stated before, every protein can be defined by its amino acid sequence, where only the 20
canonical amino acids are relevant for most proteins. These amino acids have a one-letter encod-
ing standardized by IUPAC. In this work, only substitutions of amino acids, and no deletions
nor insertions, are considered.

Definition 1 A sequence is a list of amino acids a1 . . . am with m ∈ N and ai ∈ A = (A,C,D,
E,F,G,H, I,K,L,M,N,P,Q,R,S,T,V,W,Y) for all i ∈ {1, . . . ,m}. Then, D = {(x1, y1), . . . ,
(xn, yn)} with n ∈ N is a dataset, where xi ∈ Am is a sequence and yi ∈ R its target value for
all i ∈ {1, . . . , n}. There is exactly one sample (xwt, ywt) in the dataset called the wild type. A
mutation is a substitution of one amino acid ai at position i in the wild type sequence by another
amino acid a′i, which is written aiia

′
i, e.g. A53Y. The set of all distinct mutations in a dataset

and a sequence will be denoted as mut(D) and mut(x) respectively.

Now, the goal is to find an algorithm that computes a model from this dataset predicting the
target value given a sequence.

Definition 2 A model is a function f : Am → R which predicts the target value of a given
sequence.

2.2 Performance measures
Given a model, an immediate question arises: Is this model a good approximation or not? For
this, a dataset with sequences and target values is necessary. There are several ways of measuring
performance:

Definition 3 The root-mean-square error (RMSE) is defined as

RMSE(f,D) =

√√√√ 1

n

n∑
i=1

(yi − f(xi))
2.

Definition 4 The coefficient of determination (R²) is defined as

R²(f,D) = 1−
∑n

i=1(yi − f(xi))
2∑n

i=1(yi − y)2
,

where y = 1
n

∑n
i=1 yi is the mean of all target values.

These two measures both work on the squared deviation between the predicted value and the
real value, where higher deviations are worse. The RMSE is non-negative, and a value of 0
identifies a perfect model. Note that R² ≤ 1 and a value of 1 identifies a perfect correlation.
The R² value can become negative2 which indicates a model which is worse than predicting
the mean y of the dataset3. While RMSE focuses on the deviations, R² considers the explained
variance. For an R² = 0.6, 60% of the variance in the target value can be explained by the model
from the sequence. This can be derived from the formula by interpreting the numerator as the
unexplained variance and the denominator as the total variance. The R² value is normalized

2R² is not necessarily the square of some real-valued R.
3However, note that y might be unknown a priori, e.g. for a test data set.
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and can be compared between datasets. In contrast to this, the RMSE values depend on the
scale of y and are thus incomparable between datasets.
A new set of measures can be defined if one considers the given regression problem as a binary
classification problem, where the task is to predict whether the target value is greater than a
given threshold. In this setting, one obtains both a predicted class and a true class for each
sample.

Definition 5 The confusion matrix of the binary classification problem for a threshold c ∈ R is
a 2x2 matrix counting the individual cases:

Prediction

f(xi) > c f(xi) ≤ c

Tr
ue yi > c True positives (TP) False negatives (FN)

yi ≤ c False positives (FP) True negatives (TN)

With the associated measures:

Sensitivity(f,D, c) =
TP

TP + FN

Precision(f,D, c) =
TP

TP + FP

Accuracy(f,D, c) =
TP + TN

TP + FN + FP + TN

This alternative problem formulation ignores errors that are caused by imprecise predictions as
long as they point in the same direction, i.e. above or below the threshold. The three derived
measures vary in their meaning:

• A high sensitivity value means that good mutants are detected by the model.

• A high precision value means that if a model predicts a mutant to be good, it is truly
good.

• A high accuracy value hints at a good performance of the model in general on both positive
and negative classifications.

The derived performance measures might be more interesting for some mutagenesis studies, as
the precise value will be evaluated experimentally anyway, but a general heuristic a priori, e.g.
better or worse than the wild type, is sufficient.

2.3 Model optimization with gradient descent
Throughout this thesis, there are multiple applications of gradient descent for model optimiza-
tion. These models are all trained similarly:

6



Definition 6 Given a model fθ as in Definition 2 that is parameterized by θ ∈ R|θ|, a dataset
D = {(x1, y1), . . . , (xn, yn)} and a loss function L(fθ(xi), yi) that computes the error of a
prediction and is differentiable w.r.t. θ, gradient descent training names the following pro-
cedure:

randomly split D into Dtrain and Dstop with a fixed proportion
initialize θ with small random values
while

∑
(x,y)∈Dstop L(fθ(x), y) does not increase consistently do

for Dtrain in batches (X,Y ) of size b do
l := 1

b

∑b
i=1 L(fθ(xi), yi)

calculate dl
dθ

update θ along dl
dθ according to the optimizer to minimize l

end for
end while

Note that the technique of stopping if the error on Dstop increases is called early-stopping. Due
to stochasticity in the training process, training is only stopped if the error did not decrease in
a fixed number of epochs. After stopping, θ is reset to the best intermediate value. In this work,
the Adam optimizer [31] is used. The learning rate of the optimizer, i.e. the step size for weight
updates, and the batch size are hyperparameters.
One has multiple losses to choose from. On the one hand, the RMSE is a common choice for
regression tasks. On the other hand, classification problems occur in the context of transfer
learning from unlabeled sequences. In contrast to the binary classification problem introduced
earlier, these problems are often related to other tasks, e.g. predicting a sequence, where the
selection of an amino acid for a specific position can be considered a multi-class classification
problem. These outputs are usually represented as a probability distribution across the available
classes. For this, the cross-entropy loss is better suited as it accounts for the probabilities
assigned by the prediction to each class. For example, if the model predicts the wrong class
but with low confidence, i.e. probability scores are high for multiple classes, the model will be
rewarded for expressing its uncertainty.

Definition 7 The cross-entropy loss for a true value y and a prediction ŷ with C classes is
defined as

H(ŷ, y) = −
C∑
i=1

yi log ŷi.

As the cross-entropy loss expects a probability for each class, the individual probabilities must
sum up to one. However, common models only produce so-called logits that do not sum up to
one. To achieve a proper probability distribution, one can apply the softmax function [32], that
normalizes these probabilities:

Definition 8 The softmax function is an activation function σ : Rn → [0, 1]n with

σ(z)i =
ezi∑n
j=1 e

zi
.

A common technique to improve the generalization performance of a model trained with gradient
descent is dropout [33]. This is exclusively applied during training and skipped during prediction.
If dropout is applied to an intermediate vector, a random fraction p ∈ [0, 1) of its elements is set
to 0 during training. To balance the output between training and prediction, all other values
are multiplied with 1

p during training. According to Hinton et al. [33], who proposed dropout
initially, this technique reduces overfitting and thus improves model performance.
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3 Methods for predicting enzyme mutation data
3.1 Data preprocessing
The raw amino acid sequence is not usable for most machine learning methods because these
methods require a numerical feature vector. For this, embeddings can be used. In the following
sections, the embeddings compared in this thesis are explained. If a model is trained on multiple
embeddings, the individual embeddings are concatenated together.

3.1.1 Basic embeddings

Because we have categorical input data, as the amino acids are neither continuous nor naturally
ordered, the most simple and common encoding is one-hot encoding.

Definition 9 By one-hot encoding a sequence xi = a1 . . . am ∈ Am every aj is replaced by a
vector (0, . . . , 1, . . . , 0) with a 1 at the index of the amino acid in A. This leads to one feature
matrix F ∈ Rm×|A| per sample.

Another basic encoding can be derived by considering only the mutations in the dataset and
ignoring all other constant residues in the sequence.

Definition 10 The mutation indication encoding is based on the set of mutations mut(D) =
{m1, . . . ,ml} with l ∈ N. Each sequence xi is replaced by a vector v ∈ {0, 1}l with

vj =

{
1 if mj ∈ mut(xi)
0 else.

3.1.2 AAindex-based embeddings

In the AAindex database [16–19], there are a total of 553 different numerical values for each of
the 20 canonical amino acids. Before further usage, every one of the 553 values is normalized to
mean 0 and standard deviation 1. In a simple formulation, one uses all the 553 values for each
amino acid:

Definition 11 The AAindex embedding for a sequence xi = a1 . . . am ∈ Am is obtained by
replacing every aj with the 553 AAindex values vTa ∈ R553 for this amino acid. This leads to
one feature matrix F ∈ Rm×553 per sample.

However, it might be beneficial to use a subset of these values to reduce the number of input
parameters and avoid overfitting. For this, Xu et al. [15] propose sScales, which is a subset of
AAindex that was selected based on literature research. In contrary to their work, this thesis
does not concern the derived values based on principal component analysis (PCA), as preliminary
studies by the author of this thesis have shown that this approach is less effective.

Definition 12 The sScales embedding for a sequence s = a1 . . . am ∈ Am is obtained by replacing
every ai with 13 AAindex values va ∈ R13 for this amino acid. This leads to one feature matrix
F ∈ Rm×13 per sample. The selected descriptors are listed in Table 1.
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identifier publication short description
BIOV880101 Biou et al., 1988 [34] Information value for accessibility;

average fraction 35%
BLAM930101 Blaber er al., 1993 [35] Alpha helix propesnity of position

44 in T4 lysozyme
NAGK730101 Nagano, 1973 [36] Normalized frequency of alpha-helix
TSAJ990101 Tsai et al., 1999 [37] Volumes including the crystallo-

graphic waters using the ProtOr
NAKH920106 Nakashima-Nishikawa, 1992 [38] AA composition of CYT of multi-

spanning proteins
NAKH920107 Nakashima-Nishikawa, 1992 [39] AA composition of EXT of multi-

spanning proteins
NAKH920108 Nakashima-Nishikawa, 1992 [40] AA composition of MEM of multi-

spanning proteins
CEDJ970104 Cedano et al., 1997 [41] Composition of amino acids in intra-

cellular proteins (percent)
LIFS790101 Lifson-Sander, 1979 [42] Conformational preference for all

beta-strands
MIYS990104 Miyazawa-Jernigan, 1999 [43] Optimized relative partition ener-

gies - method C
ARGP820101 Argos et al., 1982 [44] Hydrophobicity index
DAWD720101 Dawson, 1972 [45] Size
FAUJ880109 Fauchere et al., 1988 [46] Number of hydrogen bond donors

Table 1: The list of AAindex descriptors used in the sScales embedding.
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· · · C V R K F · · ·
· · · C W R Q F · · ·
· · · C V - K X · · ·
· · · C I R E F · · ·

Figure 2: An excerpt of an example MSA.

3.1.3 Structure
After an amino acid sequence is expressed in a cell, it folds to its three-dimensional structure.
For a given wild type structure, it is assumed that the yet unknown mutant structures and
therefore the positions of their atoms are not significantly different. Thus, the positions of the
atoms are considered identical for all mutants. In some of the methods, structural information
is used. Here, the position of an amino acid is defined as follows:

Definition 13 For a sequence xi = a1 . . . am ∈ Am the position pj ∈ R3 of aj is the position of
the corresponding Cα atom in the wild type structure.

3.1.4 Evolutionary features
To augment the available data D, one can incorporate similar sequences in the model training.
For this, one can distill a set of sequences, that are similar to the sequences present in D and
occur naturally. These sequences can then be aligned to each other, such that shared sub-
sequences are matched (cf. Figure 2). This results in a multiple sequence alignment (MSA)
that can contain gaps “-” and rare, non-canonical amino acids “X”. In this thesis, amino acid
insertions in aligned sequences are ignored. In Figure 2, one can observe that the amino acids
in the second and fourth columns seem to be mutated at the same time.
The next step is to obtain knowledge like this that can be used by following models. For this,
a linear autoencoder is used to model the dependencies between the different amino acids. To
this end, each sequence xi is one-hot encoded into a matrix Fi ∈ Rm×22 which can be reshaped
to a vector vi ∈ R22m. Note that we now have 22 classes instead of 20 as in Definition 9 due
to the gap “-” and rare amino acid “X” symbols. The autoencoder contains an encoder matrix
We ∈ Rl×22m, an encoder bias be ∈ Rl, a decoder matrix D ∈ R22m×l, and a decoder bias
bd ∈ R22m where l is called the latent size. With this, the model is defined as

fθ(xi) = softmax(reshapem×22(D(Wevi + be) + bd)) with θ = (We, be,Wd, bd).

Here, softmax normalizes the output of the autoencoder to have a sum of 1 per position in the
sequence, i.e. to output a probability distribution of amino acids for each position in the output
(Definition 8). Now, both matrices are trained using gradient descent (Definition 6) to learn
the identity function vi = fθ(xi) under the cross-entropy loss (Definition 7). During training,
dropout [33] is applied to the latent representation for regularization.
In this process, the latent size l is a hyperparameter. Usually, one chooses l < 22m, and as such,
the encode-decode process is lossy and cannot learn the identity function for arbitrary sequences.
Instead, the autoencoder will learn to exploit dependencies in the local evolutionary landscape.
For example, if two mutations only occur together and not individually, just one variable would
be sufficient for encoding this in the latent representation. For a new sequence, e.g. an artificial
mutant from a mutagenesis study, which only has one of these two mutations, the autoencoder
might still predict a high probability for both mutations. This discrepancy might provide insight
to a model which is then trained on these probability distributions for target value prediction.
This leads to the evolutionary embedding based on linear autoencoders as it will be used in this
thesis:
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Definition 14 The evolutionary embedding replaces every sequence xi with fθ(vi) where vi ∈
R22m is the one-hot encoding of this sequence into the 20 canonical amino acid classes plus the
rare amino acid class “X” and the gap class “-”. This leads to one feature matrix F ∈ Rm×22

per sample.

3.1.5 ProtTrans
For the ProtTrans embedding, the protein language models by Elnaggar et al. [27] are used.
These models are trained to predict masked amino acids from the rest of the sequence. For
example, given the sequence ...CV_KF... adapted from Figure 2, the protein language model
is trained to predict the masked amino acid R with high probability. To conduct this training,
the only necessary input data are the amino acid sequences of naturally occurring proteins.
Fortunately, there are millions of natural sequences in the Uniclust database [47] and billions
of sequences in the BFD database [48, 49]. ELECTRA [23] varies this training goal, such that
the model tries to find artificial mutations in the sequence which are inserted by an adversarial
network. As the training task requires the model to reconstruct the masked/replaced amino
acids, it must capture the “grammar” of natural amino acid sequences.
For every amino acid in a sequence, a numerical feature vector (embedding) can be extracted
from the last layer of these protein language models4. These vectors can then be used as the
input to the following models. Here, the protein language model selection (one of Bert [22],
Albert [28], ELECTRA [23], T5 [29] or XLNet [30]) is a hyperparameter.

Definition 15 The ProtTrans embedding replaces every amino acid ai in a sequence x with
vi where vi ∈ Re is the output of the selected protein language model for this amino acid. This
leads to one feature matrix F ∈ Rm×e per sample.

3.1.6 Spectral Embedding
Of all previous embeddings, a spectral version can be derived. Here, the “spectral embedding”
refers to a transformation of the embedding from sequence space to frequency space. This idea
is transferred from innov’SAR [8].

Definition 16 The spectral version of an embedding is defined as the result of the following
process:

1. Use a discrete Fourier transformation (DFT) to get the coefficients X0, . . . , Xn−1 ∈ C
from the underlying embedding x0, . . . , xn−1 ∈ R like the following:

Xl =

n−1∑
k=0

xke
−2πi l

n
k, i =

√
−1, l ∈ {0, . . . , n− 1}

If the underlying embedding is two-dimensional, repeat this process for each series along
the sequence length.

2. Only use the first half of the output:

n 1
2
=

{
n
2 + 1 if n even
n+1
2 if n odd

4In this thesis, the alternative technique of fine-tuning the model on the downstream task showed
negative results in preliminary studies. The author hypothesizes that the high number of parameters
in the language model encourages overfitting during fine-tuning.
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3. Compute the amplitudes by taking the normalized magnitude:

X̂l =
2|Xl|
n

, l ∈ {0, . . . , n 1
2
− 1}

In the first step, the input is represented as a mixture of complex oscillations with frequencies
0, 1

n ,
2
n , . . . ,

n−1
n , weighted by the complex factors X0, . . . , Xn−1 [50]. This can be seen from the

inverse transformation, which reconstructs the sequence x0, . . . , xn−1 from X0, . . . , Xn−1:

xk =

n−1∑
l=0

Xl︸︷︷︸
weight

· e2πi
l
n
k︸ ︷︷ ︸

oscillation f= l
n

The forward transformation can be computed efficiently using variations of the fast Fourier
transform (FFT) algorithm. As the input sequence x0, . . . , xn−1 is real-valued, Xn−l = Xl

(complex conjugate) [50]. Thus, one can ignore the second half of the spectrum in step two as it
does not contain new information. This is a special property of the DFT. In the third step, only
the amplitudes of the individual frequencies are kept and the phase information is discarded.

3.2 Machine learning models
The previously presented techniques create either a one- or a two-dimensional embedding for
each input sample. Given these embeddings, one can now perform machine learning on this data.
There are many different machine learning algorithms and new ones are published regularly. In
this work, many models are based on existing literature. However, the kCNN is a novel technique
developed in this work. Some of the methods presented here only process one-dimensional
data. For these, two-dimensional embeddings must be reshaped to one-dimensional embeddings.
However, some of the methods can only process two-dimensional embeddings and cannot be
used with one-dimensional embeddings.

3.2.1 Linear regression

In this thesis, linear regression is implemented by GLMNET [51]. As such, the model expects
a feature vector vi ∈ Rl for each sample sequence xi that can be produced with one of the
embedding methods defined in Subsection 3.1. The model function is defined as

fb,w(vi) = b+ wT vi

with bias b ∈ R and weights w ∈ Rl. The bias and weights are optimized to find the global
minimum of the loss

L(v, y) =
1

n

n∑
i=1

1

2
(yi − fb,w(vi))

2

︸ ︷︷ ︸
mean squared error

+λ
(
(1− α)||w||22/2 + α||w||1

)
︸ ︷︷ ︸

regularization

.

Here, the loss does not only contain the actual error but an additional regularization term. This
is added to reduce the overfitting of noise in the training dataset by penalizing large values
in w. The regularization term is a weighted sum between the L1- and L2-norm of the weight
vector controlled by the hyperparameter α, as both norms provide different benefits to the final
regression performance. Additionally, the regularization strength can be controlled with the
hyperparameter λ. This is the most simple model used in this work and serves as a baseline.
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3.2.2 Support vector machine

A support vector machine (SVM) is a machine learning tool that was originally developed for
classification. However, its concepts can be broadened to ϵ support vector regression (ϵ-SVR) as
defined by LIBSVM [52]. Here, the model expects a feature vector vi ∈ Rl for each sample, too.
The ϵ-SVR also fits a linear regression to the data points to minimize the error. It also has a
regularization hyperparameter C similar to linear regression, where lower C values correspond
to higher regularization. There are three main differences: First, the error is the mean absolute
error. Second, the ϵ-SVR ignores errors that are below a certain threshold ϵ, which is another
hyperparameter. Third, the input features are projected to a higher-dimensional space before
fitting the linear regression. Interestingly, the solution to the linear regression problem only
depends on the dot product between the projected data points. This enables the kernel trick
[53], where one computes the dot product between two projected input samples in the higher-
dimensional space without doing the projection. Instead, the dot product in the high-dimensional
space is simplified analytically to a term that does not depend on the projected data points.
There are multiple kernel functions to choose from. This includes the linear kernel (no transfor-
mation), polynomial kernel (transform x to (a0, a1x, a2x

2, . . . , adx
d) with a0, a1, a2, . . . , ad ∈ R as

coefficients), and the radial basis function (RBF) kernel (transform x to (a0, a1x, a2x
2, . . . ) with

a0, a1, a2, · · · ∈ R as coefficients)5. This way, one can see the RBF kernel as an extension of the
polynomial kernel which is, in turn, an extension of the linear kernel. Hence, only the RBF ker-
nel is considered in this work. The RBF kernel function, that calculates the infinite-dimensional
dot product, is

k(x, x′) = e−γ||x−x′||2 .

Alternatively to the infinite-dimensional interpretation, one can consider the kernel function as
a similarity measure. For the RBF kernel function, we can observe that the similarity is reduced
with increasing Euclidean distance between the two data points. Thus, the RBF kernel considers
close data points for the approximation of the target value of a new data point. Here, γ is a
scaling parameter for the distance between the data points and a hyperparameter.

3.2.3 Multi-layer perceptron

The multi-layer perceptron is a basic type of neural network. It consists of several chained
neurons, where each neuron has inputs x1, . . . , xn ∈ R and one output y ∈ R (cf. Figure 3 left).
The output of a neuron is defined as

y = g

(
b+

n∑
i=1

xiwi

)
︸ ︷︷ ︸

=:a

with b, w1, . . . , wn ∈ R

where g is the activation function. The activation function is added to the neuron to allow
for non-linear outputs. In this work, the Rectified Linear Unit (ReLU) activation function is
used [54]. It is defined as g(a) = max(0, a). To compute higher-order functions, one can stack
multiple layers of neurons together. A network, where each neuron is connected to all neurons
in the preceding layer, is called a multi-layer perceptron (cf. Figure 3 right).

5Here, the representations are only given for a scalar input feature x ∈ R instead of the input vector
vi ∈ Rl, because the formulation for multi-dimensional input features is more complicated.
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Figure 3: Left: A single neuron with several inputs, the bias, and one output. Right: A
small multi-layer perceptron with four inputs, two hidden layers of six neurons
each, and one output.

Each layer of neurons lj can be calculated with efficient matrix operations (g is applied element-
wise):

xj+1 = lj(xj) = g(Wjxj + bj) with Wj ∈ R#out×#in and bj ∈ R#out

This allows for the formulation of the model function

fθ(x) = lh(lh−1(. . . l2(l1(x)) . . . )) with θ = (W1, b1, . . . ,Wh, bh)

of an MLP with h ∈ N layers. Similarly, the gradients dxj+1

dWj
and dxj+1

dbj can be computed
efficiently6. Thus, the gradient dfθ(x)

dθ can be computed using the chain rule, which is called
backpropagation. This allows for the training of the MLP using gradient descent as in Definition
6. During training, dropout [33] is applied to the inputs of each layer to reduce overfitting.
For an MLP, the number and size of the hidden layers are hyperparameters. Interestingly, a
two-layer MLP is able to approximate any function f : X → Y where X and Y are closed and
bounded subsets of Rn for an arbitrary n ∈ N [55]. In practice, MLPs with more layers are
common, however [56].

3.2.4 k-Convolutional neural network
In MLPs, one neuron is connected to all outputs of the previous layer or the complete input,
but this can be generalized to allow for different connection schemes. This leads to the idea of
convolutional neural networks (CNN) [57], which have first proven useful in handwritten digit
recognition, where the input is a two-dimensional image. Here, each neuron connects to a crop of
the input image. This concept can be further broadened to one- and three-dimensional data and
CNNs have proven to be effective in many areas [32]. In this work, the convolution operation is
further generalized to consider three-dimensional windows of amino acids in the corresponding
enzyme structure instead of parts of the sequence. This leads to the formulation of the kCNN.
The kCNN begins with an embedding that converts the input sequence x = a1 . . . am to a feature
matrix F ∈ Rm×l with l ∈ N, too. Then, the following procedure is applied:

1. k nearest neighbors: Add the k nearest amino acids in the three-dimensional structure
to each amino acid in the feature matrix, such that in the j-th layer of the feature tensor
one finds the (j−1)-th nearest residue (cf. Figure 4). In the first layer, the base sequence
is retained.

6Although the ReLU function max(0, a) is not differentiable at a = 0, this does not impose a problem
in practice, as the exact value of 0 occurs rarely. If a value of 0 is encountered during training, the
gradient is set to 0.
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Figure 4: The kCNN feature embedding for m = 9, l = 4, and k = 5. In this example,
the structure of the Rhodothermus marinus nitric oxide dioxygenase is used.
The structure is taken from the PDB [58].

2. filter application: For each filter matrix Wi ∈ Rm×l and slice Fj in the feature tensor, the
element-wise product is taken. Then, the resulting values are summed per slice and filter
and a bias bi ∈ R is added, which leads to one activation vector vj = bi+

∑
Fj ◦Wi ∈ Rm

per filter (cf. Figure 5).

3. max-pooling: This vector is reduced via max-pooling and the ReLU [54] activation
function is applied to it, calculating the filter output oi = ReLU(maxj(vj)). This yields
one output vector o ∈ R#filters per input sequence.

4. final layer: The final output is a linear combination of the individual filter outputs, so
fθ(x) = Wfinalo+ bfinal.

Therefore, θ = (Wfinal, bfinal,W1, b1, . . . ,W#filters, b#filters). The max-pooling over the sequence
with just a single filter layer is an adaption from the work of Kim et al. for sentence classification
in natural language processing [59]. Similar to the MLP, all filter applications and the final linear
combination can be expressed as matrix operations. The same holds for the gradients w.r.t. the
weights and biases. Accordingly, this function is trained using gradient descent as in Definition 6.
To reduce overfitting, dropout is applied to both the activation vectors vi and the filter outputs
o. Here, the number of filters is a hyperparameter.

3.3 Hyperparameter optimization
All the machine learning algorithms and some of the embeddings have associated hyperparame-
ters. These are parameters that cannot be tuned by the method itself but must be set externally.
Additionally, the choice of embeddings for a method can be considered a hyperparameter itself.
Hyperparameter optimization (HPO) refers to the tuning of these hyperparameters. In this
work, automatic HPO will be used. For this, many different hyperparameter configurations
must be evaluated. Here, a hyperparameter configuration contains one set of values for all
hyperparameters. This requires two parts:

• One must be able to evaluate the quality of one hyperparameter configuration, i.e. how
good it is in terms of the measures defined in Section 2.2.

• A good choice of the hyperparameter values to try is crucial for an efficient search. If
the HPO is more likely to select good hyperparameter values, a good model will be found
earlier.
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Figure 5: Application of a single kCNN filter where the filter matrix is colored blue and
the two example slices are colored red.

3.3.1 Trial evaluation
A trial refers to the evaluation of one hyperparameter configuration. The user of the model
is most interested in the performance of the model on new data. To simulate new data, one
can split the dataset D into a training dataset Dtrain and a validation dataset Dval. Then, the
model can be trained on Dtrain with a specific hyperparameter configuration. After that, the
performance can be assessed on Dval.
If one chooses a hyperparameter configuration based on Dval, indirect optimization, i.e. “train-
ing”, on this dataset happens. As such, Dval is not anymore completely new to the model. To
overcome this, another dataset split is made before, such that the dataset D is randomly split
into Dtrain, Dval and Dtest. Then, the model is trained on Dtrain and its performance is assessed
on Dval during HPO. After HPO, the performance of the final model is assessed on Dtest. This
performance can then be used as a good approximation of the performance on similar, new data.
Splitting the data into three parts reduces the amount of data available to training significantly.
To reduce this problem, k-fold cross-validation is employed7. For k-fold cross-validation, one
first splits D into DHPO and Dtest. Then DHPO is split into k parts DHPO,1, . . . ,DHPO,k. For each
i ∈ {1, . . . , k}, the model is trained on Dtrain,i =

⋃k
j=1,i ̸=j DHPO,j and its performance is assessed

on Dval,i = DHPO,i. After these k iterations, the mean of the individual scores correlates to the
performance of the model on the test dataset. The mean score is called the trial value. Before
testing on Dtest, the model is trained on DHPO. k-fold cross-validation significantly increases
the computational cost, but provides better, i.e. less noisy, estimates of the hyperparameter
configuration quality while maintaining a large training dataset.
For the regression problems, i.e. predicting the target value from the sequence, 10-fold cross-
validation is used and the trial value is the mean of the 10 individual RMSEs. For tuning the
autoencoders that are used in the evolutionary embedding, 5-fold cross-validation is used and the
trial value is the mean of the 5 individual cross-entropies. The number of folds is reduced here
because the datasets are significantly larger which leads to reduced noise in the value estimate.
For each trial, additional data is collected which might be useful to evaluate the HPO progress.
This includes various metrics of the quality of the k individual models.

3.3.2 Hyperparameter selection
For hyperparameter selection, the tree-structured Parzen estimator (TPE) [60] algorithm is
used. The TPE approximates the probability distributions p(x|y) and p(y), where x is the

7This k should not be confused with the k in the kCNN.
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hyperparameter configuration and y is the trial value. By Bayes-theorem, this allows for the
approximation of p(y|x).
During HPO, hyperparameter configurations which are expected to maximize y are sampled from
these probability distributions. Then, these configurations are evaluated in a trial as described
in subsection 3.3.1. After a trial completes, the probability estimates can be updated and a new
hyperparameter configuration can be sampled. This allows for an iterative improvement of the
probability estimates. In the end, the most promising trial is chosen. This is done by the user,
who considers both the trial values and the additional data of the trials.

3.4 Implementation of the proposed methods
3.4.1 General
The proposed methods were implemented in a Python 3 [61] program. Data handling happens
using NumPy [62], which adds n-dimensional and fast numerical operations to Python. To read
the three-dimensional structures, the PDB module from BioPython was used [63]. For additional
acceleration of performance-critical algorithms, compiled sub-routines were added. Parts of the
Python code are compiled just-in-time using Numba [64]. For more complex routines, a native
module written in the Rust programming language [65] was added. The Rust programming
language is a low-level programming language like C/C++, but it offers a modern design and
additional safety guarantees. It uses PyO3 [66] to generate the Python bindings. Plots are
generated using PlotLy [67], which enables the interactive plots available online. The DFT is
computed with FFTW [68]. For confidence interval calculation via bootstrapping, arch [69] is
used.
For GLMNET, the corresponding GLMNET Python package from the authors was used, which
uses Fortran for efficient computations internally [51]. The SVM, as well as the used performance
metrics and routines for k-fold cross-validation, are implemented using scikit-learn [70]. PyTorch
[71] was used for the implementation of the neural networks, i.e. the MLP, the kCNN, and the
autoencoder. PyTorch uses C or CUDA (NVIDIA GPU) kernels for efficient computations of
these neural networks. To facilitate an easier and more unified training loop, PyTorch Lightning
was employed [72]. The ProtTrans models [27] were accessed via the Huggingface Transformers
library [73].
To ensure code quality, automatic formatting and linting were used. Additionally, unit tests
were implemented for parts of the data preprocessing code to ensure the correct behavior of
these routines.

3.4.2 Distributed hyperparameter optimization
The hyperparameter optimization procedure described in section 3.3 was implemented using Op-
tuna [74], a hyperparameter optimization framework. To accelerate the HPO studies, distributed
computing was employed. Optuna natively supports the storage of all study-related data to a
central database. Additional data was added to every study to allow for the reconstruction of all
relevant settings from the database entry. This way, the user can create a study in the central
database and the workers can then collect the relevant settings from the database and start
calculations. During the computation of a trial, the workers report intermediate values back to
the database, allowing for live inspection of the progress. At the end of the computation, the
final values are saved to the database and a new trial is started. To simplify the creation of
studies, a command-line interface was added.
For long-running trials, i.e. the neural networks, a PostgreSQL database [75] was chosen due to
its reliability and structured data organization. This allows for the inspection of the database
state via SQL statements. Due to the central SQL database and the low amounts of data
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transferred for long-running trials, the workers can be inhomogenous. To facilitate this even
further, a Docker [76] image for the worker program was created, which allows for the easy
addition of new nodes to the computing infrastructure.
For short running trials with many workers per node, i.e. for GLMNET and SVM, the Redis
in-memory database [77] was preferred due to its low latency and high performance under
concurrent accesses. After computation, the study data is copied to the PostgreSQL database
for persistence.
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4 Applying the methods to real data
4.1 Preparation
4.1.1 Overview

In this work, five different datasets are used. A statistical overview of them can be found
in Figure 6. The sizes of the datasets and the lengths of the target sequences are listed in
Table 2. The first dataset A is taken from Engqvist et al. [78] and contains data about the
shift of the absorption maximum of the photosensitive proton-pumping Gloeobacter violaceus
rhodopsin. Here, the aim is to produce a high shift, independent of its direction. Engqvist et
al. first performed site-saturation mutagenesis on the amino acids within 5 Å of the binding
pocket. Then, they tried various combinations of the individual mutations. As can be seen from
Figure 6, dataset A contains few mutations per mutant, with most of the mutants having only
one mutation. The target values follow a skewed distribution, where there are more red-shifts
(larger wavelength) than blue-shifts (smaller wavelength).
The second dataset B comes from the work of Gumulya et al [79]. They optimized the enan-
tioselectivity of the Aspergillus niger epoxide hydrolase. Two molecules are enantiomers if they
have the same formula but have mirrored three-dimensional structures and are not superposable
by translation and rotation. An enzyme with high enantioselectivity produces one enantiomer
significantly more often than the other. The enantioselectivity is measured via the enantiomeric
ratio, referred to as the E-value. This is the ratio of the one enantiomer over the other enan-
tiomer in the product. For example, with E = 3, there would be three times as many molecules
of the one enantiomer than of the other enantiomer in the product. To optimize the enantiose-
lectivity, Gumulya et al. used the technique of iterative saturation mutagenesis (ISM). In this
process, the considered mutations are partitioned into multiple groups, e.g. I, II, and III. The
ISM follows a path, e.g. I → III → II. In the first step, saturation mutagenesis is conducted on
the mutations in the first group, i.e. all combinations of the mutations in the first group are
evaluated. Then, the best mutant is used as a template for a saturation mutagenesis study on
the mutations in the next group. This process is repeated until all groups have been optimized.
As the choice of the path is critical for the optimization outcome due to local minima, Gumulya
et al. performed ISM on all possible paths with four groups of mutations to explore the effect
of path choice. This led to many mutants with multiple mutations as can be seen from Figure
6, as the number of pathways grows exponentially with path length and thus mutation count.
Additionally, only improved mutants were reported, and thus the target value distribution only
contains increased values. This dataset is larger than dataset A (cf. Table 2).
The third dataset C is taken from Wu et al. [14]. This work used various machine learning
methods (multiple linear and kernel regression methods, decision tree algorithms, and MLPs)
for predicting the expected target value of a mutant. They applied these techniques for a
machine learning-assisted mutagenesis study to optimize the activity of the Rhodothermus mar-
inus nitric oxide dioxygenase in catalyzing the reaction of phenyldimethyl silane with ethyl
2-diazopropanoate. In contrast to previous datasets, this led to a non-linear progression in the
mutation landscape resulting in many mutants with a high number of mutations (cf. Figure 6).
As can be seen from the target value distribution for dataset C, many mutants are worse than
the wild type. However, a small amount of mutants is significantly better than the wild type.
This dataset is the largest of the four directed mutagenesis studies (cf. Table 2).
The fourth dataset D was produced by Sarkisyan et al. [80]. The mutagenesis study was applied
to the Aequorea victoria green fluorescent protein, where the fluorescence of the protein was
the target value. Most notably, this dataset is the only unbiased dataset in this thesis, as it is
based on a random mutagenesis study where mutations were created by an error-prone sequence
reproduction mechanism. This led to a Poisson distribution of mutations per mutant as shown
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Figure 6: An overview of the five datasets before splitting. Top: Number of mutants
with the specified number of mutations. Bottom: Histogram of the mutant
target values, where the target value of the wild type is marked in black.

in Figure 6. However, the target value distribution contains two peaks, one around the wild type
and one near zero, i.e. no fluorescence. The fitness landscape of the protein is thus very narrow
and many mutations disrupt function almost completely. Few mutants are more fluorescent than
the wild type. Finally, this dataset is significantly larger than the other datasets (cf. Table 2).
The fifth dataset E from Cadet et al. [8] is similar to dataset B. This dataset uses the same
enzyme and experimental setup and comes from the same research group. In the work of Cadet
et al., the previously mentioned technique innov’SAR was proposed. The dataset contains nine
mutants with single mutations and multiple mutants with combinations of these mutations. In
similarity to the work of Cadet et al. and in contrast to dataset B, the enantioselectivity is
measured in ∆∆G‡, i.e. the difference in activation energy between the enantiomers. This value
is proportional to the logarithm of the E-value in dataset B. Here, a negative ∆∆G‡ indicates
that the activation energy for producing the one enantiomer is lower than the activation energy
for producing the other enantiomer. Thus, the one enantiomer is produced more often in this
case. This dataset is the smallest of all considered datasets (cf. Table 2).
Some of the described methods require three-dimensional structures. The structures were down-
loaded from the PDB, namely 6NWD [81], 3G0I [82], 6WK3 [58], 5N9O [83], and 3G0I [82] for
datasets A, B, C, D, and E, respectively. For each structure containing multiple replicas of the
protein, only chain A was used for extracting the locations of the Cα atoms. As the sequences
of the structure and the dataset did not always match perfectly, a pairwise alignment was cal-
culated. This way, there are missing coordinates for a few, non-mutated amino acids. These are
ignored during training of the kCNN, as this is the only method that uses the structure.
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Dataset Sequence length Number of samples Number of distinct mutations
A 298 71 60
B 398 141 52
C 145 567 84
D 237 51715 1810
E 398 43 9

Table 2: Sequence length, number of samples and number of distinct mutations of the
respective datasets.

dataset MSA size compared to dataset size rare amino acids fraction
A 1942 27.35x 0.0054%
B 35896 254.58x 0.0024%
C 5008 8.83x 0.0072%
D 348 0.01x 0.0412%
E 23668 550.42x 0.0027%

Table 3: MSA quality for the different datasets. The MSA size is the number of distinct
sequences in the MSA, the next column contains the relative size of the MSA
to the dataset, and the last column contains the fraction of rare amino acids
“X” in the MSA.

For most comparisons, the dataset was split randomly into DHPO and Dtest such that approx-
imately 75% of the data is in DHPO and 25% of the data is in Dtest. These will be referred
to as A75, B75, C75, D75, and E75, respectively. For many comparisons, the additional dataset
Dr500 will be used, which consists of a random subset of 500 samples of dataset D for training
and the remaining samples for testing. This dataset has a number of training samples similar
to the order of magnitude of the other datasets, allowing for a better comparison and a reduced
computational cost.

4.1.2 Evolutionary features
For finding similar sequences and generating the corresponding multiple sequence alignment
(MSA), HHblits [84] as implemented in the HHsuite [85] was used. For every sequence xi in the
dataset D, a search with three iterations and a maximum Expect value of 0.001 was performed
on the Uniclust30 database [47], resulting in a set of aligned sequences Si. Here, the Expect
value of a hit denotes the expected number of sequences with the same alignment that would
be found in a database of similar size by chance. This ensures that the hits are significant and
not random. The search parameters are copied from AlphaFold [86], a deep learning technique
developed by DeepMind that uses MSAs for protein structure prediction. Finally, duplicate
sequences were pruned to obtain the final set of sequences S =

⋃n
i=1 Si for the MSAs that are

used by the autoencoders. The statistics for these MSAs are shown in Table 3. Most notably,
the MSAs for dataset B and E are significantly larger than the dataset, while the MSA for dataset
D is very small.
Then, the autoencoders from Section 3.1.4 were trained on these MSAs. Note that the MSA
contains both sequences found via the training data set and sequences found via the test data
set. This is valid because the test sequences are known a priori, although their target value
is not known. By using both parts for the MSA, additional knowledge can be learned by
the autoencoder. Here, one HPO per latent size l ∈ {10, 20, 50, 100, 200, 500, 1000, 2000} was
conducted. The maximum latent size was chosen such that the autoencoders have to compress
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Figure 7: The best hyperparameter values for the different autoencoders according to
the HPO. The y-axis of the learning rate (third row) and the x-axes are on a
logarithmic scale.
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the input sequence one-hot representation to less than 25% of the original size. During HPO,
different hyperparameter values were selected for the various latent sizes and different accuracies
were achieved. These are shown in Figure 7. While the learning rate and the validation dataset
fraction do not correlate with latent size, the accuracy and dropout increase with latent size.
Both are to be expected. With a higher latent size, the autoencoder has more space to store
information necessary for proper reconstruction. At the same time, a higher latent size leads to
earlier overfitting, which can be mitigated with a higher dropout.

4.1.3 ProtTrans embeddings
The ProtTrans models were downloaded from the Huggingface Transformers hub [73]. For T5-
XXL, half-precision floating-point numbers had to be used because the model did not fit into
the GPU memory with full precision. Each model was run on all sequences of each dataset. The
corresponding embeddings were saved to high-performance storage to facilitate a fast lookup
during training.
In a preliminary analysis, the embeddings of the individual protein models were reduced to two
dimensions using t-SNE [87]. The t-SNE method is used to transform the initial representation
of m · l dimensions, where m is the sequence length and l the embedding length per amino acid,
to a two-dimensional representation. In this process, t-SNE tries to preserve distances between
samples, i.e. if two samples are close in the high-dimensional space, they should be close in
the two-dimensional space. Here, closeness is defined by the Euclidean distance. In Figure 8
the two-dimensional embeddings are plotted, where each sample is colored by its target value.
As can be seen from the plot, the two-dimensional embeddings are mostly consistent between
different protein models except for rotation. Some of the embeddings separate the data well
with respect to the target value. This is the case for datasets A, C, and E. However, for datasets
B and D, no clear separation can be observed. Interestingly, dataset C is clustered by all protein
models.

4.2 Influence of different embeddings
4.2.1 Experimental setup
In this part, the differences between the embeddings will be investigated. To refer to combi-
nations of embeddings quickly, a four-digit binary notation is introduced. Here, the first digit
corresponds to the one-hot embedding, the second to the sScales embedding, the third to the
evolutionary embedding, and the fourth to the ProtTrans embedding. The embeddings selected
by a 1 will be concatenated together. For example, the notation 1001 refers to a concatenation
of the one-hot and the ProtTrans embedding. All embeddings were trained with an SVM. It
was preferred over the other ones because it has both a low runtime and a high accuracy. This
restriction is necessary to keep the computation feasible. Each embedding can optionally be
replaced with its spectral version. Whether or not the spectral version is taken was considered
a hyperparameter. The test was carried out on the datasets A75, B75, C75, Dr500, and E75.
Together, this accumulates to 5 datasets · (24 combinations − 1 invalid) = 75 different setups.
For each setup, multiple separate HPOs were run to account for variance, each for 500 trials.
This way, the maximum improvement of the trial value over the last 50 trials of each HPO is
0.26% on average with a maximum of 14.85%, indicating a good convergence.

4.2.2 Direct comparison
After the HPO, the best trial of each study was selected and evaluated on the test dataset for
R² values. The results are plotted in Figure 9. As can be seen from the plot, there is a high
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Figure 9: The mean test R² values and their 95% confidence intervals (via bootstrapping)
of the various embedding combinations per dataset.
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in % A75 B75 C75 Dr500 E75 mean
one-hot 43.8 36.5 50.0 70.8 60.9 52.4
sScales 79.2 79.2 72.9 68.8 44.3 68.9
evolutionary 60.4 46.9 62.5 31.2 37.5 47.7
ProtTrans 42.7 40.6 39.6 41.7 49.0 42.7
mean 56.5 50.8 56.2 53.1 47.9 52.9

Table 4: Fraction of HPOs on the given dataset that used the embedding and chose to
use the spectral version of the embedding in favor of the normal version.

variance in test R² between the different combinations of embeddings and datasets. The best
scores were achieved on dataset A75, while the worst scores resulted for dataset Dr500.
On dataset A75, the one-hot embedding is the best among the tested combinations. All top three
combinations use the one-hot embedding. On the other datasets, the one-hot embedding gives
results that are close to or below average. The sScales embedding performs poorly across all
datasets. On all datasets, the sole sScales embedding has low R² values, and many combinations
that use the sScales embedding have low R² values, too.
The evolutionary embedding shows a varying performance. Although it gives low R² values on
datasets A75, C75, and Dr500, it is among the top embedding combinations for datasets B75
and E75. On dataset B75, the top three embeddings are 1011, 0011, and 0010, and, on dataset
E75, 1010 is the best embedding combination. This is consistent with the MSA sizes (Table 3),
where larger MSAs correlate to better performance of the evolutionary embedding.
On dataset C75, the top embedding combinations use the ProtTrans embedding. This is in line
with the findings from the t-SNE plot (Figure 8). Additionally, the average results of the Prot-
Trans embedding on dataset A75 and the below-average performance on dataset B75 are to be
expected from this plot, too. However, on dataset Dr500, the top embedding combinations use
the ProtTrans embedding although the t-SNE plot showed no separation. The t-SNE algorithm
can only approximate the relationships in the data when converting from the high-dimensional
space to the two-dimensional space. Thus, there might be a separation in dataset Dr500 that
is not representable in two dimensions by t-SNE. Additionally, this dataset is the most diverse
dataset in terms of mutations, which makes a two-dimensional representation even more chal-
lenging. Finally, the performance of the ProtTrans embedding is below expectation on dataset
E75. This might be due to the high number of dimensions of the ProtTrans embedding, which
leads to sparsity on a small dataset like E75. Interestingly, although both the evolutionary and
the ProtTrans embeddings use unlabeled sequences produced by evolution, the use of the two
embeddings seems to be independent: There are both datasets where only one embedding is
beneficial as well as datasets where both embeddings are beneficial.
Concatenating all embeddings (1111) is not always a good strategy to simplify the feature
selection. While it produces good results for datasets C75, and Dr500, it is below average for
datasets A75, B75, and E75. Interestingly, datasets C75 and Dr500 have the most training samples.
This indicates that a careful selection of the embeddings is crucial for a good performance on
smaller datasets. The ideal choice of embeddings does not seem to be obvious a priori.

4.2.3 Spectral embeddings
To analyze the use of the spectral embedding, one has to investigate the HPO results and not
the performance of the best model on the test dataset, as the selection of spectralization is
part of the HPO itself. Doing the spectralization selection outside the HPO would increase the
number of HPOs significantly because this needs separate HPOs for the spectral embeddings
and all their combinations. Note that the trial value is measured as the root-mean-square error
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Figure 10: Distribution of spectral tuning improvements over all HPO / embedding
pairs.

(RMSE), while the previously compared measure was the coefficient of determination (R²). Here,
two comparisons were carried out:
First, the value of the best trial with and without spectralization was compared for each HPO
and embedding. For each such pair, the relative improvement of selecting the better one was
calculated. The improvements are plotted in Figure 10. This results in a median improvement
of 5.17% (95% confidence interval [4.88%, 5.58%] via bootstrapping), i.e. by tuning the spec-
tralization selection the HPO was able to find trials with an at least 5.17% better value for half
of the studies. There are a few studies with improvements higher than 10%. This indicates a
moderate improvement by tuning.
Second, the fraction of HPOs on a given dataset that used an embedding as part of their
combination and that chose to use the spectral version over the normal version of this embedding
was measured. These values are shown in Table 4. One can observe that the sScales embedding is
preferred to be spectral significantly more often than the other three embeddings. Additionally,
the evolutionary and ProtTrans embedding are spectralized slightly less often. In total, the
spectral version is chosen in 52.9% of all cases.
In general, this is in line with the findings of Cadet et al. [8]. However, there is a notable
difference: While Cadet et al. use linear regression, the SVM already has a non-linear transfor-
mation through the RBF kernel. Therefore, it is new that spectralization provides benefits even
to non-linear models. This might be because there are repeating patterns in the sScales embed-
ding, e.g. in α-helices, which can be represented by the magnitude of a frequency. Surprisingly,
the spectralization is chosen least often on dataset E75, although this is the dataset Cadet et al.
used in their work. The low use of spectralization for the evolutionary and ProtTrans embedding
might be related to the fact that these embeddings are already contextualized in contrast to the
sScales embedding.

4.2.4 Autoencoder latent size selection
To analyze the latent size selection of the evolutionary embedding, a similar approach as in the
previous analysis on spectral embedding selection was used. For each dataset and latent size,
the mean trial value of all trials of 0010 HPOs was calculated. Note that the trial value is the
mean RMSE obtained in cross-validation. The results are plotted in Figure 11. On dataset
B75, where the evolutionary embedding achieved high test R² values, there seems to be a clear
minimum at a latent size of 500. On dataset E75, where the results were good, too, it is not
clear if the global minimum is at a latent size of 100 or below 10. The other datasets were not
analyzed further here, because the corresponding SVMs did not achieve a good test R² score.

28

https://online-figures.thoffbauer.de/bachelor-thesis/embeddings-spectral.html
https://online-figures.thoffbauer.de/bachelor-thesis/embeddings-spectral.html


10 100 1000

25

30

10 100 1000

25

30

10 100 1000

0.25

0.3

10 100 1000

1

1.1

10 100 1000

0.25

0.3

0.35

latent size latent size latent size latent size latent size

RM
SE

dataset A75 dataset B75 dataset C75 dataset Dr500 dataset E75

Figure 11: The mean RMSE achieved by each HPO that uses the evolutionary embed-
ding and over the latent size on each dataset. Note that the RMSE depends
on the target value scale and is thus not comparable between datasets.

T5-XXL on UniRef50

T5-XXL on BFD

T5-XL on UniRef50

T5-XL on BFD

ELECTRA discriminator on BFD

Bert on BFD

ELECTRA generator on BFD

Albert on UniRef100

XLNet on UniRef 100

Bert on UniRef100

2

4

6

8

10

ra
nk

Figure 12: Boxplots of the ranks of the various protein models. The sticks of the Box-
plots mark the minimum and maximum of the data, the box the interquartile
range, and the line indicates the median. The Boxplots are sorted by median
rank, first quartile, and third quartile in that order.

4.2.5 ProtTrans model selection

As the selection of the protein language model for embedding was part of the HPO, one has
to inspect the trial values for analyzing the performance differences. For each dataset (A75,
B75, C75, Dr500, and E75) and protein language model (T5-XL on BFD / UniRef50, T5-XXL
on BFD / UniRef50, Bert on BFD / UniRef100, Albert on UniRef100, ELECTRA generator /
discriminator on BFD, XLNet on UniRef100), the mean trial value, i.e. mean RMSE, of all trials
in all 0001 HPOs was calculated. Here, UniRef50, UniRef100 and BFD are genome databases.
The BFD database [48, 49] is the largest, while UniRef50 and UniRef100 [47] contain data of
higher quality. At the time of writing, only 10 of 14 protein language models described by
Elnaggar et al. [27] have been published, yet. To make the RMSE values comparable between
datasets, the protein language models were ranked per dataset by their mean RMSE. These
ranks are shown in Boxplots in Figure 12. As can be observed from the plot, the T5-XXL model
achieved the best results on average. Interestingly, the T5-XXL model is the largest model of all
considered protein models, measured by the number of trained parameters. However, the lead
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Figure 13: The mean test R² values for all models and their 95% confidence intervals
(via bootstrapping). Note that the deterministic algorithms (GLMNET and
SVM) have zero standard deviation. For the configurable embeddings, the
chosen embedding is shown in parentheses behind the model name. The
binary numbers have the same meaning as in Section 4.2.

of the T5-XXL model is not consistent across all datasets, i.e. there are multiple datasets where
other protein language models outperform the T5-XXL model. Finally, the models trained on
UniRef50 seem to have a slight benefit.

4.3 Performance of the different machine learning algorithms
In this section, the performance differences of the various machine learning algorithms will be
investigated. For this, the GLMNET, SVM, MLP, and kCNN algorithms will be compared on the
datasets A75, B75, C75, Dr500, and E75. Each model will be optimized once with the mutation
indication embedding (MutInd, Definition 10) and once with a special configurable embedding
(Conf). The configurable embedding is a concatenation of the one-hot, sScales, evolutionary
and ProtTrans embeddings, where the inclusion of each embedding is a hyperparameter as well
as its spectralization. This allows the HPO to select the embeddings and thus reduces the
computational effort because unpromising embedding combinations can be avoided early in the
HPO. As the kCNN cannot be used with the mutation indication embedding because it requires
a sequence dimension in the input, this leads to 5 datasets · (2 embeddings · 4 algorithms −
1 invalid) = 35 HPOs. Each HPO was conducted for 300 trials. This way, the maximum
improvement of the trial value over the last 50 trials of each HPO is 0.56% on average with a
maximum of 8.96%, indicating a moderate convergence. For the non-deterministic models MLP
and kCNN, the evaluation was repeated for 20 iterations to achieve a good estimate.

4.3.1 Direct comparison

The mean test R² values of all models are plotted in Figure 13. Note that these values are not as
reliable as the embedding comparison in Section 4.2 because the HPOs were not repeated due to
computational limitations. However, it is still interesting to compare the test R² values and the
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embedding selections. Although the HPO did not select the best embedding combination in all
cases, it always selected a good embedding combination. Interestingly, the selected embeddings
vary between the different models, suggesting that the use of an embedding is dependent on
the model and vice versa. Note that selecting the embeddings in the HPO is significantly faster
than doing separate HPOs for each embedding combination.
There is a major difference between the neural network models and the other two algorithms:
While training via gradient descent (Definition 6) is non-deterministic, i.e. introduces variance,
the GLMNET and SVM training algorithms are deterministic. The determinism significantly
reduces the evaluation overhead, as there is no variance that one has to account for.
On all datasets, the models using the mutation indication embedding performed worse than
most of the other models. This effect is most severe on datasets A75 and Dr500. There are
multiple possible explanations for this: First, the mutation indication embedding is unable to
generalize to new mutations not seen in the training data, as there are no input features for
the new mutations in this embedding. Second, this embedding cannot leverage the additional
information provided by the more sophisticated embeddings like the sScales, evolutionary, and
ProtTrans embeddings. However, the performance of the mutation indication embedding on
datasets B75, C75, and E75 is close to the best models for SVM and MLP.
The kCNN outperforms the MLP with a configurable embedding on datasets A75, C75, and
E75. In all these cases, the kCNN is still outperformed by the best SVM from the embedding
comparison (Section 4.2). The only case, where a neural network performs best, is the MLP
with a configurable embedding on dataset Dr500. Note that dataset Dr500 is the largest dataset.
The GLMNET models are usually outperformed by the SVM for configurable embeddings. Note
that on dataset E75, i.e. the smallest dataset, the performance of GLMNET is close to the
performance of the best SVM from the embedding comparison (Section 4.2).
Therefore, there seems to be a preference according to dataset size: On very small training
datasets, linear regression (GLMNET) might be beneficial. On a medium training dataset size,
support vector regression performs best. On large datasets, neural network methods are the
best choice. Note that this is similar to the findings from Yang et al. [20], but the threshold for
neural networks is significantly lower with only 500 instead of 10 000 data samples.

4.3.2 Runtime of the different methods

There are major differences in runtime between the different algorithms and embeddings. The
mean runtime per trial (10 folds) are shown in Figure 14. Due to the heterogeneous computing
devices (HPC cluster vs. personal computer), these values do not form a proper benchmark, but
the differences measured here are larger than the differences caused by the computing hardware.
In all cases, the GLMNET and SVM algorithms are ten times faster than the MLP and kCNN.
The mutation indication embedding has a lower runtime impact than the configurable embedding.
This is most likely due to the low number of input parameters from the mutation indication
embedding relative to the configurable embedding. Additionally, the configurable embedding
itself takes longer to compute, too. Finally, the runtime increases with large datasets across all
algorithms and embeddings, reaching 10 000 seconds per trial for the kCNN on dataset Dr500.

4.4 Effect of dataset size
In this analysis, the effect of the dataset size was examined. To this end, dataset D was split
in different proportions to assess the performance across dataset size. Here, D was chosen over
the other datasets because it is the largest and the only unbiased dataset of the five considered.
Similar to the embedding analysis, the SVM algorithm was used for training the models. The
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Figure 14: The mean runtime of the different models. Note that the y-axis has a loga-
rithmic scale.

dataset D was shuffled randomly once, and then split into DrX_i with the following procedure,
where X is the number of training samples and i is the index:

1. Split the dataset into strides of length X, where the last stride is truncated to the dataset
size.

2. Take stride i as the training dataset and the rest as the test datasets.

This method is similar to cross-validation (Section 3.3.1). It generates training datasets of the
given size that are disjoint, i.e. Dr50_0 and Dr50_1 share no training data samples, but have
equally many.

4.4.1 Individual hyperparameter optimizations
In the first analysis, the SVM was optimized with the one-hot embedding on all training datasets
described previously individually. The corresponding HPOs had an average improvement over
the last 50 trials of 0.14% with a maximum of 2.94%, indicating a moderate convergence. The
number of different values for i was at least three and incremented if the confidence intervals
were too large for meaningful interpretation. At a dataset size of 1 000, the computation became
infeasible with the given resources due to the non-linear complexity of the SVM algorithm. The
test R² values are shown in subplot I of Figure 15. From the shape of the curve, one can assume
a logarithmic growth of the performance with dataset size on an unbiased dataset like D.

4.4.2 Fixed parameters
To use the SVM for larger training datasets, one might try to use the hyperparameters obtained
on a subset of the dataset for training on the complete dataset. This way, no HPO has to be
conducted on the large dataset which reduces hundreds of costly training operations to a single
training operation. However, this might lead to a sub-optimal choice of hyperparameters for the
large dataset. To investigate the differences, the parameters found by the HPOs on datasets of
size 100 were evaluated on all other datasets. The results of this comparison are shown in subplot
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Figure 15: The mean test R² values of the various studies with their 95% confidence
interval (via bootstrapping). The x-axis has a logarithmic scale.

II of Figure 15. In comparison to the first subplot, performance degradation is observable that
grows with the difference in dataset size. However, the performance degradation is not major, e.g.
for a size of 1 000, the difference in test R² is 0.0552 (95% confidence interval: [0.0700, 0.0407]).
With this method, the evaluation of larger dataset sizes became possible. Here, one can observe
the development of a performance plateau at around 5 000 training samples. For reference, the
complete dataset contains 51 715 samples (Table 2). This result cannot be directly transferred to
the other algorithms, as the hyperparameters are dependent on the machine learning algorithm
in use.

4.4.3 ProtTrans embedding

To investigate whether the scaling behavior can be influenced by selecting a different embedding,
the one-hot embedding was replaced with the ProtTrans embedding because it uses additional
knowledge from unlabeled sequences and has shown success on dataset D in the embedding com-
parison (Section 4.2). As the hyperparameters can be transferred across dataset sizes according
to the previous analysis, the best known hyperparameters for this SVM and embedding combi-
nation on dataset D were used: The configuration determined by the HPO for 0001 on Dr500 in
the embeddings comparison (Section 4.2). The test R² for the other dataset sizes are shown in
subplot III of Figure 15. Most notably, the test R² values are higher than those for the one-hot
embedding, which is in line with the findings from the embeddings comparison (Figure 9). Apart
from that, the curve is approximately parallel to the curve of the one-hot embedding with fixed
parameters, i.e. without individual HPOs (subplot II).

4.5 Effect of dataset split
As explained in the introduction and as described in the dataset overview (Section 4.1.1), mutage-
nesis studies often start with mutants containing a single mutation (single-mutant) and progress
to mutants with multiple mutations (multi-mutant) later. Therefore, it would be beneficial
to have an algorithm that can predict the target value for multi-mutants from single-mutants.
However, generalizing from the training data to unknown test data of a different distribution
might be challenging. To determine the generalizability of machine learning methods to different
mutation distributions, the four datasets A, B, C, and E that represent the directed mutagenesis
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Figure 16: The density of mutations in the training datasets Xsp_i for p ∈ {0, 50, 100}
averaged over all i. Calculated using a Gaussian kernel density estimator of
bandwidth 0.8.

studies in this work were split in Xsp_i, by the following procedure, where X is the dataset, i
the random seed and p the percentage of non-random samples (e.g. Cs50_3):

1. Shuffle the n samples in dataset X randomly with seed i.

2. Order the samples by the number of mutations ascending.

3. ntrain = ⌊0.75 · n⌋, nby_mut = ⌊ntrain · p%⌋

4. Take the first nby_mut samples from the ordered dataset and add them to the training
dataset.

5. Sample ntrain − nby_mut samples from the rest uniformly and add them to the training
dataset.

6. The rest is the test dataset.

This procedure leads to the distributions in Figure 16. As can be seen from the plot, the various
splits change the distribution of the number of mutations to a less uniform distribution with
ascending p. With higher p, the number of mutants with a large number of mutations becomes
smaller, while the number of mutants with a small number of mutations becomes larger. However,
the total number of training samples stays identical for all dataset splits.

4.5.1 Effect on test R²
To assess the impact of p on the model performance, SVMs were optimized on the Xsp_i datasets
individually with the best embedding combination for this from the embedding comparison
conducted earlier (Section 4.2). This was repeated for 12 different values of i. The higher p,
i.e. the fewer multi-mutants are present in the training data, the worse the test R² becomes.
Surprisingly, this is not the case for dataset A, where the performance difference is slightly
positive (0.0675 mean difference in test R² with 95% confidence interval [0.0047, 0.1635], via
bootstrapping). Note that dataset A contains mostly single-mutants and only few multi-mutants
(Figure 6). However, on all other datasets the differences are severe: −0.4004 with interval
[−0.3124,−0.4760] for dataset B, −0.6364 with interval [−0.5323,−0.7673] for dataset C, and
−0.7285 with interval [−0.4583,−1.1244] on dataset E. This suggests that the generalization
from single- to multi-mutants proves difficult for the proposed machine learning methods. On
dataset C, a small peak in performance can be observed before the drop.
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Figure 17: The mean test R² of the SVMs on datasets Xsp_i averaged over i with their
95% confidence interval (via bootstrapping).

dataset model R² sensitivity in % precision in % accuracy in %
A75 SVM 1000 0.9534 90.00 90.00 88.89
B75 SVM 0011 0.7967 100.00 76.19 86.11
C75 SVM 1111 0.7364 76.47 89.66 84.51
Dr500 MLP 0101 0.6958 76.88 87.74 83.58
E75 SVM 1111 0.8323 81.82 83.33 83.33

Table 5: The R², sensitivity, precision, and accuracy values of the best models on the
test datasets.

4.6 General prediction performance
In this chapter, the general performance of the best models found will be investigated on the
five datasets A75, B75, C75, Dr500, and E75. For this, the following models were selected (The
embedding combination is specified using a binary code as in Section 4.2):

• A75: best SVM with 1000 from Section 4.2

• B75: best SVM with 0011 from Section 4.2

• C75: best SVM with 1111 from Section 4.2

• Dr500: MLP with configurable embedding (0101) from Section 4.3

• E75: best SVM with 1010 from Section 4.2

As can be seen from this list, the long-optimized SVMs from the embedding comparison are
selected for all datasets except for Dr500 due to their high test R² values. For the largest dataset
Dr500, the MLP achieved a better test R² value. The sensitivity, precision, and accuracy values
as specified in Definition 5 were calculated on each test dataset. Here, the threshold was set to
the median of the training data target values. Therefore, the classification problem is to decide,
whether a new mutant is better than half of the already observed mutants or not. These scores
and the test R² values are shown in Table 5. To further illustrate the performance, additional
correlation plots are provided in Figure 18. Note that the scatter plot was replaced with a 2D
histogram contour plot for dataset Dr500 due to the high number of samples. If all samples are
shown in a scatter plot, all areas with more than a certain threshold of samples look equally
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Figure 18: Correlation plots for the chosen models. For each sample, the predicted value
is the x-coordinate and the true value is the y-coordinate. The continuous line
represents a perfect correlation (R² = 1), while the dashed lines represent the
classification threshold. Therefore, true positives are in the top right, false
positives in the bottom right, false negatives in the top left, and true negatives
in the bottom left quadrant. Due to a large number of samples, the scatter
plot was replaced by a contour histogram for dataset Dr500, where darker
colors correspond to more samples. For dataset E75, the axes are reversed
because smaller values are better for this dataset.

dense. The special structure consisting of two peaks is consistent with Figure 6 (bottom). For
dataset E75, where lower scores are better, the classes and axes were reversed.
Due to the small number of samples in the test datasets of A75 and E75, their values should be
handled with care. On some datasets, there are significant differences between sensitivity and
precision. While precision is higher than sensitivity for datasets C75 and Dr500, they are equal
for datasets A75 and E75, and for dataset B75, sensitivity is significantly higher than precision.
Remember that high precision means that the model is very accurate on samples it classifies
positive and that high sensitivity means that the model finds all positive samples. Therefore,
the high sensitivity and low precision for dataset B75 lead to many false positives and few false
negatives. In contrast, the high precision for dataset C75 leads to few false positives and many
false negatives. The training dataset of Dr500 was artificially limited to 500 samples. However,
it seems that random mutagenesis studies as applied in dataset D require significantly more
samples to achieve a performance comparable to the directed evolution studies underlying the
four other datasets. Another possible explanation is that this might be a property of the protein
used in dataset D, i.e. that mutations of this protein are hard to predict in general. Due to
the limited number of training samples, 62.87% of the mutations do not occur in the training
dataset but only in the test dataset of Dr500. Increasing the training dataset size improves
performance (cf. Section 4.4).

4.7 Sensitivity analysis
After training a model, it is interesting to interpret the functionality of the model. This allows
for insights into the reasoning the model conducts when predicting the target value of a sample.
For simple models, like GLMNET, this is easy to accomplish: The coefficient for every input
parameter immediately specifies its importance in prediction. For more complex models, this
becomes increasingly difficult. In an extreme case, models like the MLP cannot be interpreted
just from the trained weights. This makes these models a “black box”.
Despite their “black box” nature, these models are often differentiable with respect to their
input, i.e. ∂f(x)

∂xi
can be determined numerically. This allows for estimating the effect of an input

variable on the output. In this work, Integrated Gradients [88] will be used for this purpose.
The following parts will be covered:
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1. Introduction to Integrated Gradients

2. Proportion of the embedding parts in combinations for SVMs

3. Attribution to mutated and non-mutated positions for the SVMs on different embedding
combinations

4. Three-dimensional attribution for the SVM

5. Importance of the training samples for the SVM for the one-hot and ProtTrans embeddings

6. Various properties of kCNN on dataset A75

7. Various properties of MLP on dataset B75

8. Various properties of MLP on dataset Dr500

9. Various properties of GLMNET on dataset E75

The four non-SVM models at the end are selected such that they have a good performance and
represent a variety of different embedding combinations.

4.7.1 Technique
To calculate the attribution of an input feature, Integrated Gradients [88] approximates the
following integral:

ai = (xi − x′i) ·
∫ 1

α=0

∂f(x′ + α · (x− x′))

∂xi
dα

where x′ is a baseline to which the input x is compared. Here, the wild-type was used as the
baseline. Thus, ai is the total effect of input xi on the difference in prediction when moving
along a straight path from the wild type to the mutant, where α ∈ [0, 1] models the progression
on this path. Furthermore, the sum of all ai is the total difference in prediction between the
wild type and the mutant. For the following analysis, the attribution values were normalized by
the total attribution:

âi =
ai∑
i ai

This way, the âi values can be compared between different samples with differing predictions.
Because this technique only requires that the model function is differentiable, and all models in
this work are differentiable (including GLMNET and SVM), it allows for a unified sensitivity
analysis framework that can be applied to all discussed models. Additionally, the FFT, autoen-
coders, and ProtTrans embeddings are differentiable, too, allowing for end-to-end sensitivity
analysis with just one technique. The one-hot and sScales embedding do not contain internal
transformations that must be differentiated, because they are a fixed mapping from amino acids
to numerical descriptors. Note that the computational complexity can become severe for large
protein language models like T5-XXL.
In the following analysis, the attributions will be calculated for the test datasets. Because the
test dataset of Dr500 is very large, a special dataset split Dr500_red (reduced) was developed.
This split has the same training dataset but uses a 500 samples subset of the test dataset which
was stratified for the number of mutations and the target value, i.e. it was ensured that the
distributions are the same between the complete test dataset and its subset.
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Figure 19: Relative attribution of the individual embeddings in all 11 embedding com-
binations one the different datasets.
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Figure 20: Relative attribution of mutated and non-mutated positions for the various
embedding combinations.

4.7.2 SVM on embedding combinations
In a first analysis, the attribution of all input features on the predictions of the SVMs from
the embedding comparison (Section 4.2) was computed. This was only done for one SVM per
embedding combination and dataset. Then, the attribution of each embedding on the prediction
was normalized by the total attribution. The results are plotted in Figure 19. One can observe
that many embedding combinations are dominated by a single embedding. For example, 1111
is dominated by ProtTrans on datasets A75, B75, C75, and Dr500, and by sScales on dataset
E75. There are a few exceptions from this rule, e.g. 0111 on dataset B75. Considering that
the ProtTrans embedding achieves below average scores on dataset B75 and that the sScales
embedding achieves below average scores on dataset E75 according to Section 4.2, one can
conclude that the SVM has a prioritization problem: It cannot prioritize the useful embeddings
over the misleading ones. This is due to the RBF kernel function k(x, x′):

k(x, x′) = e−γ||x−x′||22

The L2-norm used here cannot differentiate between the different dimensions of the concatenated
embedding and treats them all as equally important.

4.7.3 Mutated vs. non-mutated positions for SVM
The attributions from the previous analysis can also be aggregated over the amino acid’s position
in the sequence instead of the embedding part. In this analysis, the attributions were summed
per position and partitioned into two groups: Positions, at which the residue is mutated, and
positions without mutations. The relative attributions of mutated and non-mutated positions
are shown in Figure 20. For 1000 and 0100, the SVM only considers the mutated positions. This
is to be expected, as there are no changes in the embedding of the non-mutated positions. The
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(a) 1111 on C75 (b) 1010 on E75

Figure 21: The relative attribution of each amino acid to the prediction of the SVM. The
values are capped at 0.5% (red). Mutated residues are shown with spheres.

0010 and 0001 embeddings are different in this respect: Both embeddings show changes not only
at the mutated positions but also at the non-mutated positions. These changes are used by the
SVM for prediction (cf. 0010 and 0001). This effect is stronger for the evolutionary embedding
than for the ProtTrans embedding. For the embedding combinations, the non-mutated positions
are still important for the prediction in most cases.

4.7.4 Three-dimensional activation of SVM

For two selected SVMs, 1111 on C75 (Figure 21a) and 1010 on E75 (Figure 21b), the attributions
are shown on the structure using PyMOL [89]. These two were chosen for two reasons: They
achieve the best score of all embedding combinations on their dataset and they have a high
attribution to non-mutated positions. For 1111 on C75, which is mostly dominated by the
ProtTrans embedding according to the previous analysis, one can observe a clear prioritization
of the mutated positions and the neighboring amino acids in the sequence. Additionally, some
of the prediction is attributed to amino acids which are not close in the sequence, but in the
structure, and the N-terminus is considered, too (marked in magenta). This is different for 1010
on E75, which uses a combination of the one-hot and evolutionary embeddings. Although there
is still a high attribution to the mutated positions, the remaining attribution is scattered across
the whole structure.

4.7.5 SVM training samples importance

In support vector regression, one can infer the importance of a training sample on a predic-
tion directly from the coefficients and kernel function values. This does not require Integrated
Gradients. The model function for support vector regression is

f(x) = c0 +
n∑

i=1

cik(xi, x)

39



where c0, . . . , cn ∈ R are the learned parameters, k is the kernel function, xi are the training
samples and x is the sample to predict. Recall that the kernel function is a measure of similarity.
Therefore, one can define the influence wi of training sample xi on the prediction as

wi = cik(xi, x)

which can be normalized to the importance

ŵi =
|wi|∑n
i=1 |wi|

.

This analysis was conducted for SVMs on Dr500_red, which is the only unbiased dataset, with
the one-hot and ProtTrans embedding each. The results are shown in Figures 22 and 23, respec-
tively. First, one can observe that both embeddings prioritize some training samples more than
others. For example, the first 100 training samples account for only 1% of all predictions (top
plot). This suggests that many training samples were of no use for the prediction of the test
dataset. Second, there is significantly more variance and structure in the importance values of
the ProtTrans embedding than the one-hot embedding (bottom plot). Therefore, the ProtTrans
embedding seems to be more precise in the notion of similarity, i.e. it can differentiate samples
that cannot be differentiated by the one-hot embedding. This might be a reason for the higher
test R² values observed in the embedding comparison (Section 4.2). Notably, the large impor-
tance values on the left of Figure 23 are caused by a high similarity of mutants with the E94G
mutation. Why the E94G mutation produces such high importance values remains unclear.

4.7.6 kCNN on dataset A75
In this section, the kCNN trained on dataset A75 (Section 4.3) is investigated more closely, as
it represents one of the three cases where the kCNN outperforms the MLP. First, the positional
attribution is shown in Figure 24. As can be seen from the rendering, the kCNN attributes
the prediction to the mutated residues and their structural surroundings. This effect is even
stronger than for the SVMs discussed earlier. For further analysis, six different plots were
generated from the attribution values obtained via Integrated Gradients. These are shown in
Figure 25 and discussed in lexicographic order: First, one can observe that the attribution is
almost entirely dominated by the ProtTrans embedding, a small fraction is attributed to the
sScales embedding, and the attribution to the evolutionary embedding is negligible. Second,
the ProtTrans attributions follow an approximate normal distribution, i.e. there are a few
dimensions in the ProtTrans embedding which have a very low or high attribution, but most
attributions are between 0.1% and 0.2%.
The remaining four plots consider the kCNN filters (Section 3.2.4). In the third plot, the
attribution over the k-dimension of the feature matrix is shown. One can see that the kCNN
does not prioritize nearby amino acids. A histogram of the number of distinct locations in
the sequence, where a filter activates, is shown in the fourth plot. Many filters activate on at
most two distinct locations in the sequence. This indicates a specialization of the filters to the
individual mutations, i.e. filters seem to be designed to only capture one mutation. However,
the importance of the filters varies significantly as shown in the histogram in the fifth plot. Most
of the filters have a very low attribution, i.e. are unused when predicting the test dataset. To
answer the question, whether the important filters activate at multiple positions, the sixth plot,
a correlation plot of the previous two values, was generated. One can observe that the filters
that activate at multiple distinct locations have a very low attribution. This indicates that the
kCNN does not learn general features that can be applied to multiple parts of the sequence,
as the author of this thesis expected, but instead degenerates to using dedicated filters per
mutation.
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Figure 22: Bottom: The importance values ŵi of the training samples on the test sam-
ples prediction with the one-hot embedding. On the y-axis, each row cor-
responds to a sample in the test dataset (e.g. E16G+T96A+D179G). On
the x-axis, each column corresponds to a sample in the training dataset (e.g.
E16G+T96A+V175A). The value of every cell shows the importance ŵi of the
corresponding training sample for the prediction of the test sample. The train-
ing samples are sorted in ascending total importance and the heatmap colors
are capped to 0.01. The x-axis and y-axis labels are omitted due to the high
number of samples in the dataset, but they are available in the online version
of this plot. For example, at the intersection of row E16G+T96A+D179G
and column E16G+T96A+V175A, one can find the importance of this train-
ing sample (column) for the prediction of the test sample (row). Top: The
cumulative total importance of the training samples, i.e. the cumulative col-
umn sum.
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Figure 23: Same as Figure 22 but for the ProtTrans embedding.

Figure 24: The relative attribution of each amino acid to the prediction of the kCNN
on the test dataset of A75. The values are capped at 0.5% (red). Mutated
residues are shown with spheres.
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Figure 25: Various attributions for the kCNN on dataset A75. In lexicographic order: 1.
Relative attribution of the individual embedding parts. 2. Histogram of the
relative attributions to the ProtTrans embedding. 3. The relative attribution
over the k-dimension of the kCNN filters. 4. Histogram over the number of
distinct positions at which a filter has activated. 5. Histogram of relative filter
importances. 6. Correlation plot between distinct filter activation positions
(4.) and relative filter importance (5.).
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Figure 26: Various attributions for the MLP on dataset B75. In lexicographic order: 1.
Relative attribution of the individual embedding parts. 2. Relative attribu-
tion of the 13 AAindex descriptors in sScales.

4.7.7 MLP on dataset B75
Similar to the previous analysis, the MLP trained on dataset B75 (Section 4.3) was inspected,
too. The two corresponding plots are shown in Figure 26. For this model, the prediction is
dominated by the sScales embedding, as can be seen in the first plot. Thus, the attribution of
the 13 AAindex descriptors in sScales was calculated. The results are shown in the second plot.
There is a clear prioritization of the three descriptors CEDJ970104, NAKH920108, and ARGP820101,
which account for 44% of the total prediction. These descriptors are described as “Composition
of amino acids in intracellular proteins (percent)” [41], “AA composition of MEM of multi-
spanning proteins” [40], and “Hydrophobicity index” [44] in the AAindex database. Therefore,
the two most important descriptors are non-physical but describe general frequencies of amino
acids in proteins. Interestingly, the frequency values come from both membrane-spanning and
intracellular proteins, which agrees to the suggestion by Zou et al. [90] that the protein in
question is intracellular with a membrane-anchor. The third most important descriptor for this
model is related to the physical properties of the amino acid.

4.7.8 MLP on dataset Dr500
In a third analysis, the MLP trained on dataset Dr500 (Section 4.3) was considered. The four
plots are shown in Figure 27. As can be seen from the first plot, the prediction of the MLP
is dominated by the ProtTrans embedding, which is spectralized. The relative attributions of
the ProtTrans dimensions (second plot) show a similar distribution as in the previous analysis
of the kCNN on dataset A75. From the third plot, one can infer that most of the prediction
is based on the positions which were not mutated in the test dataset. In the fourth plot, one
can see the relative attribution of the individual frequencies from the spectralized ProtTrans
embedding. Besides the peak at frequency 0 Hz, which corresponds to the mean of the data, no
clear prioritization can be observed. It is unclear why there is no prioritization in this data.

4.7.9 GLMNET on dataset E75
Finally, the GLMNET model trained on dataset E75 (Section 4.3) was analyzed. The four plots
are shown in Figure 28. From the first plot, one can deduce that both embeddings, evolutionary
and ProtTrans, are equally important for the prediction. Note that the evolutionary embedding
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Figure 27: Various attributions for the MLP on dataset Dr500_red. In lexicographic
order: 1. Relative attribution of the individual embedding parts. 2. His-
togram of the relative attribution of the ProtTrans dimensions. 3. Relative
attribution of mutated and not mutated positions. 4. Relative attribution of
the frequencies in the spectral version of the evolutionary embedding.

was spectralized. In the third plot, one can see a clear dominance of the not mutated positions
for the final prediction, as it is common for models that use the evolutionary and ProtTrans
embeddings (cf. Figure 20). In the second plot, a histogram of the relative attributions of
the ProtTrans dimensions is shown. One can see that there is significantly more sparsity here
than in other models: Most of the dimensions are unimportant for the prediction. This effect
continues in the fourth plot, where the attribution of the different frequencies from the spectral
version of the evolutionary embedding is shown. One can observe that most frequencies have an
attribution value of 0 and that lower frequencies account for the majority of the prediction. This
sparsity is most likely due to the use of the L1-norm in GLMNET, which encourages sparsity.
To make the final statement more plausible, consider the following L1 and L2 norms for small
ϵ, δ > 0 and x = (1, ϵ) [91]:

||x||1 = 1 + ϵ

||x− (δ, 0)||1 = 1− δ + ϵ = ||x||1 − δ

||x− (0, δ)||1 = 1− δ + ϵ = ||x||1 − δ

||x||22 = 1 + ϵ2

||x− (δ, 0)||22 = 1− 2δ + δ2 + ϵ2 = ||x||22 − 2δ + δ2

||x− (0, δ)||22 = 1− 2ϵδ + δ2 + ϵ2 = ||x||22 − 2ϵδ + δ2

Note that the decrease in the norm by subtracting δ from the first, large component or the
second, small component is equal for the L1-norm, but varies for the L2-norm. Therefore, the
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Figure 28: Various attributions for GLMNET on dataset E75. In lexicographic order: 1.
Relative attribution of the individual embedding parts. 2. Histogram of the
relative attribution of the ProtTrans dimensions. 3. Relative attribution of
mutated and not mutated positions. 4. Relative attribution of the frequencies
in the spectral version of the evolutionary embedding.

L2-norm does not encourage the reduction of small values, which harms sparsity in regularization
because values of 0 are rarely achieved.

4.8 Mutation effect prediction
4.8.1 Measuring epistasis

If there is no epistasis in the dataset, the effect of individual mutations is independent, and
thus constant. This exactly corresponds to the assumptions of linear regression with a mutation
indication embedding. To proof this, consider the model function for linear regression:

f(x) = w0 +

n∑
i=1

wixi

As the x1, . . . , xn ∈ {0, 1} indicate the presence or absence of a mutation in the mutant, and
each mutation is weighted by a constant factor wi ∈ R, each mutation has the same effect in
every mutant. Therefore, this model assumes no epistasis.
To use this model as a measure, the linear regression problem is solved for a given dataset without
regularization. The removal of regularization makes this model different from the GLMNET
technique and is necessary to avoid the disturbances of this process. This way, the linear
regression model learns the optimal solution for the training dataset and not for the test dataset,
as GLMNET tries to achieve it. Linear regression without regularization is also known as
“ordinary least squares” regression. Due to this, the R² score on the training dataset serves as
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dataset h(Dtrain) h(Dtest) h(D)
A75 0.0212 0.0000 0.0252
B75 0.1124 0.1145 0.1977
C75 0.2607 0.1265 0.2834
Dr500 0.0000 0.2814 0.2899
E75 0.0565 0.0012 0.0907

Table 6: Epistasis value h for training, test, and complete dataset of the splits A75, B75,
C75, Dr500, and E75.

an indicator for the epistasis: If R² = 1, the linear regression can find a perfect fit and therefore
there cannot be any epistasis present in the dataset. Therefore, a measure of epistasis h is
proposed:

Definition 17 For a linear regression model f trained on the mutation indication embedding
(Definition 10) of dataset D, the epistasis h(D) is defined by the following term:

h(D) = 1−R²(f,D)

The values of h were calculated for the training, test, and complete dataset of the splits A75,
B75, C75, Dr500, and E75 (Table 6).
For interpretation, one can compare these values to the R² values of the best models as shown
in Table 5. One can see that there is a perfect negative rank correlation: The i-th best score is
achieved on the i-th lowest epistasis value (i ∈ {1, 2, 3, 4, 5}). In other words, high epistasis as
measured by h degrades the performance of the tested models. Additionally, there are differences
between the epistasis measured in the training and test datasets. The low epistasis in the training
dataset of Dr500, but the high epistasis in the test dataset of Dr500, might be the reason for
the poor performance of the models on this dataset.

4.8.2 Detection of epistasis by the models
As described in Section 4.7.1, the Integrated Gradients technique can be used for end-to-end
analysis of the attribution of each mutation on the prediction of a mutant. To achieve the best
possible estimates for these values, this analysis was conducted on the best models from Section
4.3 on each dataset.
The attribution of each mutation on each mutant is shown in Figure 29. Dataset Dr500 is
omitted from this plot because its attribution matrix is very large and sparse, making visual
interpretation difficult. Note that the attributions explain the difference between the wild type
and the mutant. As the mutant is not always at the center of the target value range (cf. Figure
6), the attributions are sometimes overwhelmingly positive or negative. These heatmaps explain
the predictions of the model: If users are interested in what effect each mutation has on the
predicted target value, they can look into the corresponding row of the heatmap. For example,
the mutant Y32G+F46R+L56D+V97G in the test dataset C75 has a total attribution of 0.037,
i.e. slightly positive, but the individual mutations have both positive and negative attributions:
Y32G 0.100, F46R 0.025, L56D −0.077, and V97G −0.011.
For a more aggregated view, histograms of the standard deviations of all attributions to one
mutation, i.e. the columns of Figure 29, are shown in Figure 30. The attribution values were
normalized to a scale of −1 to 1 of the target value for comparability. In comparison to the
measured test dataset epistasis h(Dtest) shown in Table 6, similarities and dissimilarities can be
observed. First, the standard deviations are the lowest for dataset A75, which is in line with the
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Figure 29: Mutation attribution of the best model on the test datasets of A75, B75,
C75, and E75. On the x-axis, each column corresponds to one mutation,
e.g. G162L. On the y-axis, each row corresponds to one mutant, e.g.
G162L+E166W+A256C. Each cell contains the attribution of the muta-
tion (x-axis) to the predicted mutant (y-axis) target value, on a normalized
scale. Red cells have a value of 0, blue cells are negative, and yellow cells
are positive. For example, at the intersection of column G162L and row
G162L+E166W+A256C, one can find the attribution of G162L to the pre-
diction for G162L+E166W+A256C. The x-axis and y-axis labels are omitted
due to the high number of samples in the datasets, but they are available in
the online version of this plot.

h-value. Both the h-value and the standard deviations grow for datasets B75 and C75, and peak
at dataset Dr500. This suggests that these models can partially model the different amounts of
epistasis in these datasets. However, the standard deviations are high for dataset E75, although
the h-value is very low. This indicates that the model overestimates the epistasis on dataset
E75.

4.9 Negative Results
During the course of this work, multiple preliminary studies were conducted. These were used
to explore the problem and as initial guidance for the design of the comparisons presented in the
previous chapters. Note that for most preliminary studies the computational effort was reduced.
For this, the studies were often limited to dataset C exclusively. Additionally, many comparisons
(e.g. number of hidden layers) were not done using separate HPOs for each value (e.g. one HPO
per number of hidden layers), but as another parameter of a single HPO. In the following, the
not or only marginally successful approaches are summarized.

MSA search On a first try, the multiple sequence alignments (MSAs) were searched using
BLAST [92] instead of HHblits [84]. Additionally, only the wild-type was used for searching for
similar sequences. This delivered significantly smaller MSAs that did not contain the mutations
of interest that are present in the dataset. With moving from the search for a single sequence
to all sequences, a new algorithm was required due to the high runtime of BLAST. This led to
HHblits which reports being both faster and more sensitive [84].
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Figure 30: Histograms of the mutation attribution standard deviations from the best
model on each dataset.

MSA variational autoencoding Initially, variational autoencoders (VAEs) were tried for
encoding the MSA information. This was inspired by the work of Sinai et al. [21]. VAEs
represent the latent space not as a fixed vector, but as a set of independent Gaussian random
variables with a mean and a standard deviation that can be chosen by the encoder. To keep
the intermediate values constrained to a normal Gaussian distribution, a second loss term is
added that encourages means close to zero and standard deviations close to one. Otherwise, the
encoder could just set the standard deviations to zero and use the means as a fixed vector. The
author hypothesized that this variational approach better suits the idea of using the MSA to
model the latent space in a continuous way that is also applicable to the new sequences from
the dataset that are not present in the MSA and of different origin. However, the VAEs only
adhered to the second loss term and provided poor reconstruction accuracies of the mutated
residues. This still allowed for a low loss value, because many residues of the MSA are mostly
constant and can be guessed with high accuracy without additional information.

MSA representation In the beginning, the downstream models (e.g. SVM) were trained on
the latent representation of the autoencoder because the author expected this to be a condensed
representation of the evolutionary landscape. With the usage of the latent space, additional
down-projection methods other than autoencoders became possible. The author also tried to
use a PCA for the projection, but this provided bad results. Switching to the probability
estimation for the sequence as described in Definition 14 provided significantly better results.

MSA encoder/decoder architecture For both the VAE and the normal autoencoder, var-
ious MLP architectures were explored. While the VAE preferred MLPs with multiple hidden
layers, the autoencoder was reduced to the linear autoencoder presented in Definition 14 during
HPO. Therefore, the simplified version of the linear autoencoder was used for further studies
due to its significantly better runtime and lower complexity.
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Autoencoder optimization Initially, the autoencoders were optimized jointly with the down-
stream models. To accelerate this process, a sub-HPO was performed for every trial in the main
HPO, where the main HPO controls the autoencoder parameters and the sub-HPO controls
the SVM parameters (This was only tested with the SVM algorithm.) because the SVM opti-
mization is significantly faster than the Autoencoder (especially VAE) training. However, this
was still computationally expensive. With the switch to the linear autoencoders, the only hy-
perparameter that was of interest to the downstream models was the latent size, and as such,
precomputation became possible, eliminating the need for the joint HPO.

AAindex selection The sScales embedding is a selection of indices from the AAindex database
[16–18] adapted from the work of Xu et al. [15]. However, this selection is not guaranteed to be
optimal. To overcome this limitation, multiple strategies were investigated which all shown less
effective:

• Doing no selection, i.e. taking all parameters.

• Training a linear projection of the AAindex parameters to a smaller set of values jointly
with the neural network (not applicable to GLMNET and SVM).

• Using one of the other AAindex descriptors from Xu et al. [15], including a PCA of these
values.

3D CNN To utilize the structure of the protein even better, a three-dimensional CNN was
evaluated. It operates on a raster of 2 Å resolution, where each cell encodes the amino acid
present in this cell. This model was very resource-intensive and did not show good results in
the beginning. Therefore, research on this model was abandoned early.

Graph convolutional neural networks On the route to the development of the kCNN,
a more general form of convolutional neural networks was tried: Graph convolutional neural
networks (GNNs). While the neighborhood is defined by neighboring pixels in the simple CNN
and by the k nearest neighbors in the kCNN, this concept can be broadened to allow for graphs
with arbitrary neighborhoods. For example, edges in the graph can be based on the actual
distance of the residues instead of taking the k nearest neighbors. The GNNs were implemented
using PyTorch Geometric [93]. Although multiple different architectures were explored, the
kCNN always performed significantly better than the GNNs. This might be due to insufficient
training data.

Pairwise AAindex descriptors The AAindex database [16–18] also contains descriptors for
pairs of amino acids. It was tried to provide these as inputs to the kCNN and the GNNs, but
this did not show an improvement over the sScales selection.

kCNN-MLP-hybrid As the MLP and the kCNN showed good results, a hybrid version of
the two methods was developed. Here, the kCNN and MLP are first applied separately to the
input. Then, their last layer is combined such that the output is a linear combination of both
the kCNN filter and the MLP’s last layer activations. During training, both parts are jointly
optimized with gradient descent. However, this produced worse results than the two models
individually.
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5 Conclusion and outlook
5.1 Key contributions of this thesis
There are a wide variety of machine learning methods to predict mutation effects on proteins
[8, 15, 20, 21]. In this work, four different embeddings (one-hot, sScales, evolutionary, and
ProtTrans) and four different models (GLMNET, SVM, MLP, kCNN) have been compared.
Additionally, the effect of using the spectral version of an embedding was investigated. It was
shown that it is indeed possible to predict the effect of mutations with good accuracy for a
variety of different proteins (Section 4.6).
From the model perspective, the strengths and weaknesses of multiple models have been shown
(Section 4.3). For the considered datasets, support vector machines (SVM) are a good choice in
many cases due to their short runtime and easy usage, which allows for thorough hyperparameter
optimization and embedding comparison. In total, SVMs provided the best performance on four
of the five datasets. The multi-layer perceptron (MLP) shows benefits for large datasets, where
it excels in performance over the SVM. Additionally, training via gradient descent scales better
for large datasets than the non-linear complexity of the SVM algorithm. However, it was shown
that the hyperparameter optimization (HPO) can be performed on a subset of the dataset for
increased scalability (Section 4.4.2).
From an embedding perspective, the feasibility of transfer learning was demonstrated (Section
4.2). Both the evolutionary embedding, which draws information from evolutionary similar
sequences, and the ProtTrans embedding, which uses millions of unlabeled sequences, provide
useful information to the prediction of mutation effects. These two methods are thus able to
augment the dataset with additional knowledge derived from unlabeled sequences. Here, the
usage of linear autoencoders for the embedding of the multiple sequence alignment is a novel
technique.
The automatic HPO used in this work provided a unified framework for the selection of good
hyperparameters, simplifying the comparison of many different methods with a varying number
of hyperparameters. The high computational cost of the HPO was handled with distributed
computation and an advanced hyperparameter tuning algorithm. Selecting the embedding as
part of the HPO proved useful to reduce the load even further (Section 4.3). However, it was
noted that the HPO induces variance in the final performance, which required repetition of the
HPO for the experiments. Finally, it was still computationally infeasible to optimize the neural
network techniques as thoroughly as the SVMs due to their significantly higher runtime per
trial.
This work contains a thorough discussion of the effects induced by the dataset and the dataset
split. First, it was shown that performance increases significantly with an increase in training
dataset size (Section 4.4). Second, it has been demonstrated that it is important to have both
multi-mutants in the training dataset for sufficient performance (Section 4.5). If there are
mostly single-mutants in the training dataset, and the test dataset contains multi-mutants,
performance degrades. Third, a measure of epistasis was defined and its negative correlation to
model performance has been empirically validated (Section 4.8). High epistasis in the dataset
degrades performance, too.
For the sensitivity analysis, a unified framework has been developed which allows for the end-
to-end analysis of the attribution of the mutations and their embeddings to the predicted target
value (Section 4.7.1). This allowed for a thorough analysis of the inner workings of the models
which provided several insights.
First, the attribution to the predictions of the SVM was often dominated by a single embed-
ding, even though many embedding combinations were tried (Section 4.7.2). It was therefore
concluded that the SVM has a prioritization problem due to the L2-norm in the RBF kernel
function. Second, the positional attribution of the evolutionary and ProtTrans embeddings was
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investigated (Section 4.7.3). It was shown that both embeddings facilitate the attribution to
non-mutated positions due to the context-awareness of their embeddings. While the ProtTrans
embedding focuses on the mutated positions and their structural surroundings, the attribution
of the evolutionary embedding is scattered across the sequence. Third, the importance of the
training samples for the prediction of the SVM was inspected. It was shown that many training
samples are of little importance and that the ProtTrans embedding allowed for a more detailed
similarity measure.
The k-convolutional neural network (kCNN) was proposed in this thesis as a novel alternative
to the regular CNN (Section 3.2.4). While the kCNN outperformed the MLP on multiple
datasets (Section 4.3), initial assumptions did not hold during sensitivity analysis: The kCNN
does not learn general filters that can be applied to multiple parts of the sequence, but the
filters specialize in individual mutations (Section 4.7.6). However, the kCNN strengthens the
attribution to the structural surroundings of the mutated residues. The analysis of the MLP
uncovered prioritization (Section 4.7.7). For example, it was possible to show that of the 13
sScales descriptors, 3 are used primarily by the MLP on dataset B, of which only one describes
a physical property. The two primary descriptors instead provide frequency information of the
amino acids in proteins. For GLMNET, an inherent sparsity was shown in the attribution, that
was traced back to the L1-norm (Section 4.7.9).
Finally, the end-to-end sensitivity analysis allows for the attribution of the prediction of a
mutant to the mutations it is composed of. Therefore, the effect of individual mutations can be
determined. This allows users to investigate the plausibility of the otherwise “black box” models.
It was shown that the variance in these attributions correlates to the epistasis for four of the
five datasets. In the fifth and smallest dataset, an overestimation of epistasis was uncovered.

5.2 Future work
The main part of future work naturally consists of the improvement of the predictions. To this
end, multiple different approaches can be taken:
First, the prioritization problem of the SVM could be counteracted with an advanced kernel
function definition. As the sum of multiple kernel functions is a valid kernel function [53],
the kernel could be set to the weighted sum of one RBF kernel per embedding part. Other
approaches might include a weighting of the embedding dimensions before application of the
kernel.
It might be interesting to compare models that are trained for regression but used as classifiers,
like in this work, to models that are immediately trained as classifiers. In certain cases, there
might be benefits to training classifiers, if the only output required is the classification. Note
that a regression model solves a more difficult task because it has to predict the exact value
and not just the class. A unified target value scale might be beneficial for prediction, too. For
example, the target value from dataset E is proportional to the logarithm of the target value
from dataset B. At the moment, it is unclear what effect this has on the performance of the
model.
As the transfer learning approach has shown promising results, additional research in that di-
rection could improve results even further. For example, the encoding of the multiple sequence
alignments could be improved with other approaches, e.g. with the Potts model [94]. Addition-
ally, the alignment search methods could be extended to find more similar sequences for the
currently sparse alignments of datasets A, C, and D. Similarly, the ProtTrans models could be
improved by using more state-of-the-art natural language processing techniques like additional
training goals during pretraining on the unlabeled sequences despite masked amino acid repro-
duction. An interesting combination of these two approaches is given by the embeddings that
are learned by AlphaFold 2 [95].
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The HPO procedure can be improved, too. Besides better hyperparameter selection algorithms
and more computational hardware, the design of the hyperparameter space plays an important
role, too. For example, it could be better investigated if the selection of the embeddings during
HPO achieves as good results as the direct comparison with multiple HPOs. If so, even the
model selection could be considered part of the HPO to further reduce the computational cost.
Additionally, with a higher computational budget or better efficiency, neural networks could be
investigated further. As these models have significantly more hyperparameters, a longer HPO
might be necessary for good optimization.
For the application of the methods in a wide area, automation plays a crucial role. To simplify the
usage of the models, an automated pipeline could be designed which spans from the data input
to the predictions and attributions, covering dataset splitting, training, HPO, and sensitivity
analysis. This would accelerate the use of these methods and broaden the field of application to
practitioners inexperienced in machine learning.
Finally, the dataset creation could be investigated further. There is existing work on the field
of integrating the mutation effect prediction with the directed evolution study design [14]. As
the training sample importance analysis has shown that many samples are unimportant for
the prediction, the careful selection of training samples might accelerate the directed evolution
process. Because the model has to be trained on existing data, which has to be produced in the
laboratory, it would be beneficial to have guidance on what samples are relevant for prediction.
This does not only include the usage of the mutants which are predicted to be the best, but also
the inclusion of non-perfect mutants for further exploration. In an extreme case, this broadens
the prediction problem to a reinforcement learning problem, where the goal is to find a good
mutant with as few experimental mutant evaluations as possible.
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III User guide
III.1 Installation from source
The software is available for download on GitHub (here):

https://github.com/Turakar/mutation-prediction

Additional files that are too large for version control can be downloaded here:

https://mutation-prediction.thoffbauer.de

The software has only been tested on Linux operating systems, but it might work on Windows,
too. To use the software, you have to install some required packages first:

• Python ≥ 3.8 (here).

• Poetry ≥ 1.1 (here).

• The Rust toolchain, e.g. via rustup (here).

• CUDA ≥ 10.2 (here), if you want to use NVIDIA GPU acceleration (highly recommended).
While AMD GPUs are supported by Torch, they were not tested with this software.

• Redis (here), if you want to use it for studies with short trial runtime.

• PostgreSQL (here), if you want to use it for distributed studies.

• A Fortran compiler.

Most dependencies are managed with Poetry. To install the dependencies, run the following
command in a shell inside the project directory (without the $):

$ poetry install

If you use a CUDA version different from the default of Torch, you might want to consider
updating Torch to that version as shown in the Torch documentation (here). In this case,
choose the installation method via Pip and prefix the commands with poetry run .... You
do not need torchvision and torchaudio.
Then, the Rust native module must be compiled and installed. For this, execute the following
commands:

$ cd mutation_prediction_native
$ poetry run maturin develop --release

This will compile the Rust module with all optimizations and install it into the Poetry envi-
ronment. Finally, the Torch Geometric package can be installed to add support for GNNs
(optional). Please follow the official installation instructions (here).
To test the installation, you can show the help page of the CLI with this command:

$ poetry run python cli.py -h

https://github.com/Turakar/mutation-prediction
https://www.python.org/
https://python-poetry.org/
https://rustup.rs/
https://developer.nvidia.com/cuda-toolkit
https://redis.io/
https://www.postgresql.org/
https://pytorch.org/get-started/locally/
https://pytorch-geometric.readthedocs.io/en/latest/notes/installation.html


III.2 Docker
Alternatively, you can use Docker (here). After installation, you only have to run the following
command for building the container image. Note that the Docker image uses the Europe/Berlin
timezone by default.

$ docker build -t mutation-prediction .

If you want to use NVIDIA GPU acceleration (highly recommended for MLP and kCNN), you
have to install the NVIDIA container toolkit (here). To build the container image with GPU
acceleration, execute the following command:

$ docker build -t mutation-prediction -f Dockerfile.gpu .

To test the image, you can show the help page of the command-line interface with this command:

$ docker run --rm -it --name mutation_prediction mutation-prediction -h

If you want to use GPUs, add the --gpus all flag to the Docker command before the image
name mutation-prediction. You should use either the Redis or the PostgreSQL database, as
the container is removed on exit with the --rm option.

III.3 Command-line interface
The command-line interface (CLI) provides multiple sub-commands that help with the creation,
management, optimization, and evaluation of studies. The CLI is structured into multiple
sub-commands. All sub-commands have an individual help page accessible via the following
command:

$ poetry run python cli.py <subcommand> -h

To get started, one can create a simple study:

$ poetry run python cli.py --db sqlite:///studies.db new test \
EpsilonSvrMutInd C75 { \

C: {low: 1e-3, high: 1e6, log: true}, \
epsilon: 0, \
gamma: {low: 1e-6, high: 1e3, log: true} \

}

This command consists of multiple components:

• --db <database-url> specifies the URL to the database. Here, a SQLite database is
created on disk because this requires no additional installation. Refer to the dcoumenta-
tion of SQLAlchemy (here) for creating URLs to SQL storages, and to the Python Redis
documentation (here) for creating URLs to Redis storages.

• new is the sub-command.

• test is the study name.

• EpsilonSvrMutInd is the model name.

• C75 is the dataset name.

https://www.docker.com/
https://github.com/NVIDIA/nvidia-docker
https://docs.sqlalchemy.org/en/14/core/engines.html#database-urls
https://docs.sqlalchemy.org/en/14/core/engines.html#database-urls
https://redis-py.readthedocs.io/en/stable/#redis.ConnectionPool.from_url
https://redis-py.readthedocs.io/en/stable/#redis.ConnectionPool.from_url


• {...} specifies the hyperparameter ranges. This is specified in Hjson (here), an extension
of JSON that strives to be better human-readable. One can also use JSON here.

The dataset and model names are defined in mutation_prediction/cli/registry.py. Each
model comes with a set of hyperparameters, that are defined in the corresponding source file
under mutation_prediction/models. If the embedding takes hyperparameters, too, they are
added to the model hyperparameters under the key embedding. Please have a look at the source
for details on the various models and embeddings. There are additional flags available to control
various parameters of the study, e.g. the sampling strategy or the number of cross-validation
folds.
To run the optimization of the study test, use the following command:

$ poetry run python cli.py --db sqlite:///studies.db optimize test -n 50

This will run the study until a total of 50 successful trials are completed. Please refer to the
help page of the optimize sub-command for additional termination criteria.
After optimization, the trial with the best value can be evaluated on the test dataset with the
following command:

$ poetry run python cli.py --db sqlite:///studies.db evaluate test

With the additional flags of the evaluate sub-command, the number of test iterations, as well
as the trial to test, can be changed.

III.3.1 Precomputation
The evolutionary and ProtTrans embeddings are precomputed. For precomputation, the HPOs
as described in the main text must be completed first. The precomputation is managed with the
precompute_embeddings.py script. For example, to precompute the ProtAlbert embedding for
dataset A, execute the following command:

$ poetry run python -m mutation_prediction.cli.precompute_embeddings \
prottrans <ProtTrans-ID> <dataset>

Where the ProtTrans-ID is one of the IDs of the protein language models listed on the Ros-
tlab Huggingface page (here). The dataset can be one of A, B, C, D, or E. The precomputed
embeddings are saved to precomputed/<ProtTrans-ID>-<dataset>.npy.
For precomputing the evolutionary embedding, this changes to the following command:

$ poetry run python -m mutation_prediction.cli.precompute_embeddings \
autoencoder <database-url> <study-name> <output-name> <dataset>

Here, database-url is the URL to the database, study-name the name of the HPO study for
this autoencoder, output-name the desired output name, and dataset the dataset like above.
The precomputed embeddings are saved to precomputed/<output-name>.npy.

https://hjson.github.io/
https://huggingface.co/Rostlab
https://huggingface.co/Rostlab




IV Developer guide
IV.1 Code structure
The code is organized in the mutation_prediction folder and divided into four central modules.
The cli module provides the command-line interface (CLI) the user can interact with. Its most
important sub-component is the registry in registry.py, where all models and datasets are
defined by name. It also includes a utility scheduler.py that allows for scheduling commands
on different CPUs in parallel.
The data module provides all functionality related to the loading and preprocessing of the
datasets. The module file __init__.py contains the basic dataset definition. There, a dataset
consists of the following members:

• sequence: A linear NumPy array that defines the wild type sequence. Each amino acid
is encoded by an integer. The mappings are defined by the functions acid_to_index()
and index_to_acid().

• positions: A two-dimensional NumPy array that defines the positions of the mutations.
Each row corresponds to one mutant. If a mutant has fewer mutations than the length of
one row, the rest of the array is ignored.

• acids: A two-dimensional NumPy array containing the substituted amino acids at the
positions defined by the previous array. The amino acids are encoded in the same way as
sequence.

• num_mutations: This linear NumPy array contains the number of mutations per mutant.

• y: A linear NumPy array with the target values (optional).

• structure: The BioPython structure (optional, needed for the kCNN).

• msa_path: The path to the MSA archive file (optional, needed for autoencoder training).

• name: The name of the dataset (optional, needed for loading the embeddings from pre-
computed arrays).

• ids: IDs of the individual mutants in the dataset (optional, needed for loading the em-
beddings from precomputed arrays).

Dataset loading from the data directory is managed by loader.py, while shuffling, splitting, and
other preprocessing are done by preprocessing.py. For MSA and structure loading, additional
helpers are in msa_helper.py and structure_utils.py, respectively. The MSA helper calls
the compiled Rust code in mutation_prediction_native.
The embeddings module implements the various embeddings. An embedding has two main
methods: embed_update() and embed(). The first function should be used when embedding
the training data, while the second function should be used in all other cases. This allows for
realistic modeling of the test data as new data. For example, the normalization constants are
solely based on the training data but applied to both training and test data. The evolutionary
and the ProtTrans embeddings allow for precomputation. While the precomputed evolutionary
embeddings are contained in the repository, the ProtTrans embeddings were too large for this.
To precompute the ProtTrans embeddings, use precompute_embeddings.py in cli.
The actual models are defined in the models module. A model provides two main methods:
fit() and predict(). The fit() method is used to train the model on the dataset, while



the predict() method predicts the target values of a dataset. Additionally, a model has hy-
perparameters. The hyperparameters are organized in a tree structure. The individual hy-
perparameters are defined in the model constructor and optimized by Optuna during HPO. If
an embedding has additional hyperparameters, the model constructor adds them to the model
hyperparameters under the key embedding.

IV.2 Tooling
The dependencies of the project are managed by Poetry and are listed in pyproject.toml.
After editing the file or to update the dependencies, run the following command to resolve the
dependency graph and install all updates:

$ poetry update

After updating, Torch might have to be reinstalled as described in the user guide. The Rust
dependencies are defined in the file mutation_prediction_native/Cargo.toml. After changing
the requirements, re-run Maturin.
For formatting and linting, this project uses black, isort, and flake8. To run all checks, execute
the following command:

$ poetry run ./check.sh

The black and isort tools support automatic reformatting of the code. To execute reformatting,
run the following commands:

$ poetry run black .
$ poetry run isort .

The tests are run with pytest, and stored in the tests folder. To run the test suite, execute the
following command:

$ poetry run pytest

IV.3 Other folders
The experiments folder contains various experiments that were conducted during development.
This includes the comparisons that are part of the main text, but also some preliminary experi-
ments. Many of the experiments are written as Jupyter Notebooks and have to be opened with
this software for viewing and editing. The images folder contains the plots used in this thesis
as static PDF and interactive HTML files.
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