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Abstract

Antibiotic resistance represents a critical global health challenge, with antimicrobial resistance

directly responsible for 1.27 million deaths in 2019. This study addresses the prediction of an-

tibiotic resistance phenotypes from protein sequence data using machine learning approaches,

focusing on TEM-1 β-lactamases where single mutations dramatically alter resistance profiles.

We developed a comprehensive framework integrating biological databases (NCBI, CARD,

UniProt) with state-of-the-art protein language models to predict resistance phenotypes.

Using 139 TEM variants across four phenotype classes (2b, 2be, 2ber, 2br), we achieved

prediction accuracies up to 97.6% through transfer learning approaches.

Key findings demonstrate that protein language models encode functionally relevant informa-

tion without explicit biochemical supervision. Self-similarity weighted pooling strategies iden-

tified functionally critical regions, including catalytic residues and active site loops, through

purely data-driven analysis. Biochemically informed aggregation strategies significantly out-

performed traditional mean pooling approaches, with weighted position strategies achieving

84.5% accuracy compared to 61.9% for mean pooling.

Latent space analysis revealed that protein language models organize biochemically relevant

information in a highly concentrated manner, with the top 10 embedding dimensions ac-

counting for over 80% of predictive importance. A supervised basis transformation showed

strong correlation (0.794) between the first principal component and self-similarity weights,

indicating functional organization within the embedding space.

These results provide first evidence for a ”protein grammar” governing how amino acid se-

quences encode functional properties, offering new insights into protein sequence-function

relationships. The work demonstrates that integration of domain knowledge with machine

learning methodologies can yield insights greater than the sum of their parts, opening new

avenues for addressing antibiotic resistance challenges through computational approaches.
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1. Introduction

One of the major challenges in the field of global healthcare is antibiotic resistance. Estimates

suggest that the antimicrobial resistance was directly responsible for 1.27 million deaths in

2019 [1]. Through the widely spread practice of prescribing antibiotics the number of resistant

bacteria is expected to rise in the coming years [2].

The most commonly used antibiotics are so called β-lactam antibiotics. These antibiotics

work by interfering with the synthesis of the bacterial cell wall [3]. One of the first enzymes

which were found and classified into the same class are the TEM-1 β-lactamases, today, 250

TEM-like enzymes are known. Many of these enzymes vary only in one or two mutations,

which makes them sequence wise similar, but have different phenotypes when it comes to

antibiotic resistance [4]. This makes the sequence space very dense and therefore new ana-

lytical approaches are needed to be able to make predictions about the antibiotic resistance

of the enzymes.

New popular approaches in machine learning have been used to make a variety of predictions

concerning protein structure (e.g. AlphaFold [5]), protein function (e.g. ESM-3 [6]) and

protein classification. These methods make it possible to analyze and extract insights from

data that has been collected over decades, potentially leading to new discoveries in the field

of antibiotic resistance. This has led to a revolution in the field of enzymes and proteins with

the use of machine learning.

This thesis combines established biological databases such as the NCBI non-redundant database,

CARD, and UniProt with state-of-the-art protein language models to develop computational

tools for predicting resistance phenotypes from sequence data. By integrating domain knowl-

edge with machine learning approaches, this work validates that protein language models

encode functionally relevant information for biochemical prediction tasks. The findings pro-

vide evidence for a ”protein grammar” that governs how amino acid sequences encode func-

tional properties, opening new avenues for addressing challenges in medicine while advancing

computational biology.
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2. Theoretical Background

2.1. Antibiotic Resistance

Antibiotic resistance is defined as the ability of bacteria, viruses, fungi and parasites to resist

the antimicrobial medicines like for example antibiotics [1]. Most commonly used antibiotics

are the so called β-lactam antibiotics which contain a β-lactam ring in their chemical structure

[7]. The β-lactam ring is a four membered ring with a carbonyl group. This includes penicillin,

cephalosporin, carbapenems, which are the most common antibiotics used today [2]. The core

structure of penicillin derivatives 1 and cephalosporin derivatives 2 are shown in Figure 2.1.

Figure 2.1.: Core structure of β-lactam antibiotics. The four-membered β-lactam ring is the
key structural element responsible for the antibiotic activity (marked in red).
Structure drawn with ChemDraw by Arthur Sieglin.

The β-lactam antibiotics exert their bactericidal effect by targeting the bacterial cell wall.

They mimic the D-Ala-D-Ala moiety of the peptidoglycan layer of the cell wall, which is

the main component of the cell wall in bacteria. The peptidoglycan layer is built from

carbohydrates of repeating units N-acetylglucosamine (GlcNAc) and N-acetylmuramic acid

(MurNAc), which are linked by a diverse component. Normally, penicillin-binding proteins

(PBPs) catalyze the transpeptidation reaction where the active site serine attacks the car-

bonyl of the terminal D-Ala, releasing the last D-Ala and forming an acyl-enzyme interme-

diate. β-lactam antibiotics act as mechanism-based inhibitors because they are structural

mimics of this D-Ala-D-Ala moiety. The weakened cell is no longer able to withstand the

osmotic pressure, leading to the cell lysis and death [8]. Due to evolutionary pressure, bac-

teria can develop resistance to the β-lactam antibiotics. The enzymes in both Gram-positive

and Gram-negative bacteria which are responsible for the resistance are called β-lactamases.

Through hydrolysis, the enzymes break the β-lactam ring, which is the key structure of the

β-lactam antibiotics [9]. Based on their catalytic mechanism, the β-lactamases are classified
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into serine β-lactamases and metallo-β-lactamases. The former employ an active site with

a serine residue, while the latter have a metal ion in their active site (typically zinc) [8] [9].

Based on a proposed classification by sequence homology the β-lactamases are classified into

4 classes, A, B, C and D. The classes A, C, and D include the serine β-lactamases, while

the class B contains the metallo-β-lactamases [7]. One of the first β-lactamases found was

an enzyme called TEM-1, named after the first three letters of the patient’s name [10]. To-

day there are 263 TEM-like β-lactamases described and classified based on their phenotypes,

those are available in databases like BLDB [4]. Although many of the enzymes vary only

by one or two mutations, they have different phenotypes, different protein stabilities and

different susceptibilities to antibiotics.

The functional classification of β-lactamases is based on their substrate specificity and in-

hibitor susceptibility, leading to distinct phenotypes that have important clinical implications.

Table 2.1.: Comparison of β-lactamase phenotypes and their substrate specificity

Phenotype Substrate Specificity Examples

2b Penicillins, early
cephalosporins

TEM-1, TEM-2, SHV-1

2br Penicillins Inhibitor-resistant TEMs
(IRTs)

2be Penicillins, 3rd-gen
cephalosporins, monobac-
tams

ESBLs (TEM, SHV, CTX-
M)

2ber Penicillins, 3rd-gen
cephalosporins, monobac-
tams

TEM-50, TEM-68, SHV
variants

The most common phenotypes observed in TEM type β-lactamases are described below:

Phenotype 2b refers to the classical TEM enzymes that are capable of hydrolyzing peni-

cillins and early cephalosporins. These enzymes are inhibited by clavulanate, sulbactam, and

tazobactam. Well known examples of this phenotype include TEM-1, TEM-2, and SHV-1.

In clinical settings, bacteria expressing this phenotype are resistant to ampicillin, amoxi-

cillin, and first generation cephalosporins, but they remain susceptible to combinations of

β-lactam antibiotics with β-lactamase inhibitors (BLIs) [11]. Phenotype 2br, where ”r” indi-

cates resistance to inhibitors, describes enzymes that have evolved from the 2b group through

point mutations that confer resistance to clavulanate and other inhibitors. These inhibitor

resistant TEMs (IRTs) continue to hydrolyze penicillins but are only poorly inhibited by

clavulanic acid, sulbactam, and sometimes tazobactam. As a result, this phenotype can lead

to treatment failures when using amoxicillin clavulanate or ticarcillin clavulanate combina-

tions [12]. Phenotype 2be, with ”e” standing for extended spectrum, encompasses extended

spectrum β-lactamases (ESBLs) that have evolved from 2b TEMs. Mutations in these en-
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zymes broaden their activity to include third generation cephalosporins such as cefotaxime

and ceftazidime, as well as monobactams like aztreonam, while their activity against car-

bapenems remains low. These enzymes are still inhibited by clavulanate in vitro, which is

an important diagnostic feature for ESBLs. Clinically, this phenotype is a major resistance

mechanism in Enterobacterales against expanded spectrum cephalosporins [13]. Phenotype

2c is characterized by TEM enzymes that hydrolyze carbenicillin, showing activity against

both carbenicillin and ticarcillin, while still being inhibited by clavulanate [11]. Phenotype

2d refers to oxacillinases, also known as OXA type enzymes, which hydrolyze cloxacillin and

oxacillin more efficiently than other substrates and are only weakly inhibited by clavulanate

[11].

2.1.1. Mutations of β-lactamases and their effects

To understand how mutations affect the function of TEM-type class A β-lactamases, it is

important to first consider their conserved catalytic architecture. These enzymes are built

around key structural features, including Ser70 (the nucleophile), Lys73 and Lys234 (which

form part of the general acid/base network), the SDN loop (Ser130-Asp131-Asn132), and the

Ω-loop (Arg164-Asp179) that contains the general base Glu166 (Figure 2.2).

Changes at these critical sites, as well as compensatory substitutions elsewhere in the protein,

can influence the enzyme’s substrate spectrum, susceptibility to inhibitors, and overall protein

stability.

Glu166 activates the deacylating water via a Glu166-(H2O)-Asn170 hydrogen-bond network

and also participates in acylation state proton transfers. Substituting Glu166 severely reduces

turnover: Glu166Ala/Cys/Asp lower catalytic efficiency despite preserved binding, consistent

with a deacylation defect [14, 15]. Mechanistically, the cis peptide at Glu166-Pro167 and the

short 167-170 α-turn are required to hold the catalytic water in place [15].

Arg164 forms a clamp with Asp179 (and Glu171) that narrows the active-site entrance.

Clinical ESBL substitutions at this position Arg164Ser/His/Cys disrupt or weaken that

clamp, enlarge the cavity, and selectively boost hydrolysis of third-generation cephalosporins.

Arg164Ser increases catalytic efficiency for cefotaxime and ceftazidime, while reducing ampi-

cillin activity; Arg164His/Cys behave similarly [15]. Loop destabilization and reduced confor-

mational heterogeneity of the active site likely contribute to these ESBL phenotypes. Trp165

substitutions are rarer but functionally significant. Trp165Arg rewires loop electrostatics

(forming an Arg165-Glu168 salt bridge), which alters ligand recognition and can confer re-

sistance to the suicide inhibitor clavulanate (an IRT-like behavior) by perturbing inhibitor

binding while retaining penicillinase activity [15].

M69I, adjacent to the catalytic Ser70 and SDN loop, is a hallmark of inhibitor-resistant TEMs

(IRTs). It decreases the acylation efficiency of β-lactamase inhibitors (e.g., clavulanate),
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Figure 2.2.: a) Overall 3D structure with the enzyme in cyan and penicillin in yellow. b)
Binding site residues (green) in contact with penicillin (yellow) within 4 Å, active
site in magenta. c) The Ω-loop region (orange) is shown. The tool used to
generate the structures is Pymol.

thereby reducing susceptibility to mechanism-based inhibition. The trade-off is reduced global

stability and, in some backgrounds, a modest penalty on penicillin turnover [16, 17]. In clinical

and directed-evolution lineages, M69I is frequently paired with the global stabilizer M182T to

restore folding robustness. G238S, located on the β-strand bordering the active site, reshapes

the oxyanion region and increases flexibility near the Ω-loop, improving accommodation of

oxyimino side chains. E104K, on the outer wall of the binding pocket, creates favorable elec-

trostatics for cephalosporin C7 substituents. Together, E104K+G238S synergize to yield high

cefotaxime/ceftazidime activity; the clinically common TEM-52 (E104K/G238S/M182T) ex-

emplifies this combination [18, 15]. Both E104K and G238S destabilize the fold; M182T is

commonly co-selected to compensate [17].

M182T, distant from the active site, is a global suppressor that increases apparent stability

in TEM-1 and rescues diverse destabilizing lesions, including ESBL (G238S, Arg164Ser) and

IRT (M69I) backgrounds and even a core-defect lethal mutation L76N [19, 20, 17]. Crystallog-

raphy and MD indicate no single invariant local H-bond explains the effect; instead, M182T
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tunes long-range packing and solvent networks across the interdomain interface [17, 14]. Its

repeated emergence in directed evolution for third-generation cephalosporin hydrolysis un-

derscores the generality of this stabilizing role [18, 21]. L76N, buried in the hydrophobic

core, is folding-lethal by itself but becomes viable when combined with M182T, demonstrat-

ing epistasis between global stability centers and active-site remodeling mutations [19, 20].

Lys234 (with neighbors in the 232-234 region) participates in the proton-relay network during

acylation and is highly constrained; viable substitutions are rare. Together with Lys73 and

the SDN loop, this region couples to the Ω-loop and helps set the catalytic water geometry.

Perturbations here tend to be deleterious rather than adaptive, consistent with the strong

conservation observed across class A enzymes [15].

Across TEM evolution, catalytic-spectrum gains (ESBL via Arg164→Ser/His/Cys, G238S;

IRT via M69I; third-generation cephalosporins via E104K+G238S) frequently incur a stability

cost. Selection repeatedly pairs such activity-enhancing yet destabilizing mutations with

global stabilizers (M182T), yielding functional enzymes within the narrow stability-activity

window accessible to marginally stable proteins [17]. The Ω-loop acts as an allosteric gate:

its topology is conserved but locally flexible; mutations that loosen its ”bottleneck” (Arg164

variants) expand spectrum, whereas disabling its general base (Glu166) cripples catalysis [15].

2.2. Machine Learning

Machine Learning is a subfield of artificial intelligence (AI) and can be broadly classified into

three categories: supervised learning, unsupervised learning and reinforcement learning. In

all of these tasks a model is trained on a dataset and then used to predict a target. The

process of training a model is called learning and when using a model to predict a target, it is

called inference. Depending on the dataset the model is trained on, the task can be classified

in one of the three before mentioned categories. In supervised learning, the model is trained

on a labeled dataset, where the input often called features and the output called labels are

given. The model is trained to predict the labels for new inputs [22]. A simple example could

be a classifier which predicts whether an image depicts a dog or a cat. Unsupervised learning

is the task of detecting patterns in a dataset, which only consists of features and holds no

labels. The model therefore tries to find meaningful differences in the data and group those

together [22]. An example are the clustering of movies into genres. In reinforcement learning

the model (called agent) is placed in an environment and is given a set of actions it can

perform at each step. The agent changes the state of the environment by these actions, and

gets a reward after each step. The goal of the agent is to maximize the reward over time

[22]. A self driving car is an example for a reinforcement learning agent. There exist some

other categories of learning, but they are mixtures of the three before mentioned categories.

In this work a mixture of supervised and unsupervised learning is used.
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2.2.1. Short Overview of Unsupervised Learning Methods

Throughout this work various unsupervised learning methods are used to analyze and visu-

alize data. One of the used methods is the Support Vector Machine (SVM), it introduces

the maximum margin principle, which is a way to find the best hyperplane between data

in a high dimensional feature space [23]. For the analysis of high dimensional spaces both

PCA, t-SNE and UMAP are used. The principal component analysis (PCA) is an orthogonal

linear transformation, that maximises the sample variance in the low dimensional space [24].

t-SNE is a probabilistic non-linear dimensionality reduction technique, that is used to visual-

ize neighbouring points in a high dimensional space [25]. UMAP builds a k-nearest neighbour

graph and interprets it as a fuzzy topological representation of a manifold (Uniform Manifold

Approximation and Projection), the low dimensional embedding is found by minimising the

cross-entropy between the fuzzy topological representation and the low dimensional embed-

ding [26].

The key method used in this thesis are transformer models, which are a type of neural

network. Transformer models have gained popularity in the last years through their ability

to process sequence data of any kind. The most famous examples are models like ChatGPT

(the GPT stands for Generative Pre-trained Transformer).

2.2.2. Introduction to Neural Networks

Neural networks are models inspired by animal brains, functioning as interconnected graphs

while the neurons act as nodes, similar to their counterparts in nature [27]. In these networks,

the neurons are connected, forming a graph where the edges represent the weights of the

connections between them. With the help of these weights and an additional parameter, the

biases, the network is capable of learning complex patterns and hidden relationships in the

data.

x1

x2

x3

h1

h2

h3

y1

y2

Input
Layer

Hidden
Layer

Output
Layer

Figure 2.3.: Schematic representation of a neural network with three input neurons, three
hidden neurons, and two output neurons. The arrows represent weighted con-
nections between neurons.

Each neuron in the network receives a set of inputs from the previous layer and applies a
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weighted sum of these inputs plus a bias. This result is then passed through an activation

function σ, which allows the network to learn non-linear relationships between the inputs.

The most common activation functions are the sigmoid function σ(x) = 1
1+e−x and the

rectified linear unit (ReLU) function σ(x) = max(0, x). The calculation is done with the

weight matrix W, in which each element wij represents the weight of the connection between

the i-th input neuron and the j-th hidden neuron. The bias vector b is added to the weighted

sum to account for the bias of the neuron. The value from the previous layer is represented

by a scalar a. Thus the output for the j-th hidden neuron is calculated as:

hj = σ

(
n∑
i=1

wijai + bj

)
= σ ((Wa)j + bj) (2.1)

this result hj is then passed on to the next layer and so forth. This process is called forward

propagation and is repeated until the final output is reached.

The goal of the training process is to find the weights and biases which result in the best

performance of the network. The network’s performance is measured by a loss function, which

is a measure of the difference between the predicted and the true output L(ypredicted, ytrue).

The loss function is then minimized by adjusting the weights and biases of the network.

This is done using the gradient descent algorithm, which calculates the derivative of the loss

function with respect to the weights and biases and adjusts the weights and biases in the

direction of the negative gradient. This is done using the chain rule of calculus [28]. In this

work the optimizer used was Adam [29], it uses the first and second moment of the gradient

to adjust the learning rate of the network. The issue with a simple neural network like the

one shown in Figure 2.3 is that at a depth of ∼ 50 layers the gradients vanish and numerical

instabilities occur.

Another architectural design issue from these feed forward networks was the missing of a

way to capture temporal dependencies between inputs, aka a word comes before a word in a

sentence and therefore changes the meaning of the sentence. A solution was the Recurrent

neural network (RNNs) where the output of the network is fed back into the network as

input. This allows the network to capture the temporal dependencies between inputs [30].

2.2.3. Mathematical formulation of sequence representation

One of the most important tasks in machine learning and this work is the representation

of sequences. A sequence is a set of elements, which are ordered and have a temporal de-

pendency, a sequence of length n ∈ N can be denoted as p = (p1, p2, . . . , pn) ∈ Pn. The

possible elements of the sequence are in the set P, which can hold words from a sentence or

amino acids from a protein sequence. In most cases the input is not a mathematical object

like a vector, but a list of string elements. To represent these string elements as a vector an

embedding is used in which each element is mapped to a predefined vector. In the case of
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natural language the words are mapped based on their similarity in meaning to other words,

e.g. the word ”dog” is mapped to a vector which is similar to the vector of the word ”cat”. In

the case of protein sequences the amino acids are mapped to a vector which is similar to the

vector of the amino acid which is most similar to it. All the possible sequences of arbitrary

lengths are found in the set

X =

∞⋃
n=1

Pn. (2.2)

The goal of any sequence-level representation is to find a function

ψ(· ; θψ) : X → Rd (2.3)

which maps a sequence to a vector in a dimensional space. This function is parameterized

by a finite set of parameters θψ ∈ Θψ. The function or model ψ must be able to handle

sequences of arbitrary length n ∈ N and shall therefore be independent of the dimension of

the output space (called embedding space) and parameter set size |θψ| <∞ [31].

To solve this problem, encoder decoder RNNs were introduced [32]. The encoder takes the

input sequence p ∈ X and maps it to a vector h ∈ Rd. The decoder is then tasked to map

the vector h back to a sequence q ∈ Qm. With the goal of the output sequence to be the

same as the input sequence. The obstacle is that the encoder and decoder are not able to

utilize parallel processing of all the elements of the sequence at once. Additionally the fixed

length of the hidden states of the encoder and decoder are not able to capture the long term

dependencies in the sequence. The elements of the sequence are processed one by one, which

is why the encoder decoder RNNs are not able to handle long sequences efficiently. To tackle

this problem the content based attention mechanism was introduced [33]. It lets the decoder

focus on some parts of the input sequence more than others, this is done through a weight

for each hidden state of the encoder. If every position attends to all positions in the same

sequence, the weights are

αij =
eqi·kj∑n
k=1 e

qi·kk
(2.4)

where qi is the query vector for the i-th position in the sequence, kj is the key vector for the

j-th position in the sequence. The attention mechanism is then used to weight the hidden

states of the encoder. The weighted hidden states are then summed up to get the context

vector c.

c =
n∑
i=1

αihi (2.5)

where αi is the weight for the i-th hidden state. The context vector c is then used as input

for the decoder. This attention mechanism was then introduced in transformer models [34].
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2.2.4. Transformer Architecture

Transformer models dispense with the recurrent nature of the encoder decoder RNNs. They

rely on the self-attention mechanism to capture mid or long range relationships in the sequence

p ∈ X between positions pi and pj with i, j ∈ N and i ̸= j [34]. Given a sequence p ∈ X of

length n, three learnable projection matrices

Q = WQp, K = WKp, V = WV p

are trained to project the sequence into the query, key and value spaces. The query tells the

model ”what it is looking for”, the key tells the model ”what is contained in the sequence”

and the value holds the information of the sequence. The self-attention of the scaled dot

product is

Attention(Q,K,V) = softmax

(
QKT

√
dk

)
V (2.6)

where dk is the dimension of the key and value vectors. The output of the self-attention is

then passed through a feed forward network.

Multi-head attention repeats this self-attention h times with different projection matrices

WQ
h ,W

K
h ,W

V
h for each head h ∈ {1, . . . , h}. The output of the multi-head attention is then

the concatenation of the outputs of the h heads.

MultiHead(Q,K,V) = Concat(head1, . . . ,headh)W
O (2.7)

where WO is a learnable projection matrix. The output of the multi-head attention is then

passed through a feed forward network. Each head can specialize in a different abstract

concept of the sequence, which allows the model to capture different relationships in the

sequence, e.g. (in the case of language) syntax, semantics, etc.

Each transformer block consists of a multi-head attention layer, a position wise feed forward

network and a residual connection followed by a layer normalization. The position of the

tokens is encoded by a positional encoding, which is added to the input tokens before the

first layer of the transformer. All of the tokens are processed in parallel, which allows modern

hardware to run these kinds of layers efficiently during inference and training [34]. All of these

architectural advantages allowed the advent of pre-trained transformer models, for language

or protein sequences.

2.2.5. Protein large language models

As large language models (LLMs) have gained in popularity so have protein large language

models (pLMs). These models are more capable of handling protein sequences and can

represent these in meaningful ways in high dimensional spaces. A common method for pLMs
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Input sequence

Token embedding

+ Positional encoding

Multi-head
attention

Add + Norm

Feed-forward
network

Add + Norm

Transformer encoder block

×N
(stacked)

Contextual representations

Figure 2.4.: Schematic of one Transformer encoder layer. The same block is repeated N times
to form the full encoder.

is to represent them as a Φ(· ; θΦ) : X → (Rl)n for protein sequences. In this case the X is

the set of all possible protein sequences in which the alphabet is the 20 amino acids. The

implication is that the pLM maps each amino acid to a vector in the embedding space Rl and
the output is a list of vectors of length n which represent the protein sequence. The θΦ are the

parameters, which are trained before by masking out the amino acids and letting the model

predict them, and are provided by the model provider. Since the resulting representation is

a list of vectors, which vary in length depending on the protein sequence, the representation

is not a function in the sense of (2.3). Therefore in most cases the output is aggregated into

a single vector of shape Rl by a pooling operation. The aggregation function

π(· ; θπ) : (Rl)n → Rd with l, n, d ∈ N (2.8)

is used to aggregate the list of vectors into a single vector. The simplest aggregation functions

are mean pooling πmean(x) =
1
n

∑n
i=1 xi or max pooling πmax(x) = maxni=1 xi. Taken together

the pLM Φ(· ; θΦ) and the aggregation function π(· ; θπ) can be used to represent a protein

sequence as a vector in the embedding space

ψ(p ; θψ) = ψ(p ; θψ, θπ) = π(Φ(p ; θΦ) ; θπ) ∈ Rd (2.9)
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where θπ are the parameters of the aggregation function and θψ are the parameters of the

pLM [31].

One of the first pre-Transformer models was UniRep, an LSTM (Long Short-Term Mem-

ory) network, which is a type of RNN [35]. UniRep demonstrated for the first time that

sequence-only self-supervised learning is possible and that such models can generate mean-

ingful embeddings for protein sequences. With the introduction of the transformer architec-

ture, models like ProTrans were able to create even more informative embeddings for protein

sequences. For the first time, these models were trained on hundreds of billions of residues,

with each residue represented as a single token. During training, 15% of the tokens were

masked, and the model was trained to predict these masked tokens. The T5 model was able

to capture biophysical features of amino acids, including hydrophobicity, polarity, charge,

and side chain volume. These features were evident in tSNE plots of the embeddings, where

mean pooling was applied using the πmean function [36]. In a different task the goal was

to predict the protein’s sub-cellular localization, here 4 different aggregation functions were

tested, the mean, max, min and the concatenation of the embeddings, with the mean pooling

being the best performing one [36] [37]. Besides differing aggregation functions, a pLM can

be fine tuned on specific tasks. For this the model’s parameters θψ ∈ Θψ are fine tuned, this

has been shown to improve prediction of GO annotations, which are standardized terms that

describe the molecular function, biological process, and cellular component associated with

a protein, providing a structured vocabulary for protein function across species [38]. The re-

sults showed that via a simple MLP on top of the embeddings the model was able to predict

the sub-cellular localization with a higher accuracy than other tools, which specialized in this

task (e.g. DeepLoc which needs MSA as input) [36]. This method of using protein sequence

representations for downstream prediction is called transfer learning. With the ESM model

class originally built by Meta Research and later with ESM-3 built by ”evolutionaryscale.ai”

a new era of protein language models was opened. ESM-2 was trained on 65 million protein

sequences from UniRef50 and UniRef90, the model’s size was varying from 8 million to 15

billion parameters. The training was done in the masked language modeling task, where 15 %

of the tokens were masked out and the model was trained to predict them [39]. With ESM-3,

a new type of model architecture was introduced. In this model, training was performed not

only on masked protein sequences, but also included structural information and functional

annotations. The ESM-C model class, which is the main focus of this work, was developed

as an alternative to ESM-3 and was specifically designed for the task of sequence representa-

tion. The ESM-C model was trained in three sizes: 300M, 600M, and 6B parameters (M for

million, B for billion). The 300M version achieved performance similar to the 650M ESM-2

model, while the 600M ESM-C surpassed the performance of the 3B ESM-2 model [6].
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2.2.6. MLP, Decision Trees and NGBoost for phenotype prediction

After obtaining protein sequence representations through pLMs and aggregation functions,

the next step is to use these embeddings for downstream prediction tasks. Two main ap-

proaches are commonly employed: Multi-Layer Perceptrons (MLPs) and tree-based methods,

particularly Natural Gradient Boosting (NGBoost).

Multi-Layer Perceptrons

Multi-Layer Perceptrons are feedforward neural networks that can be used for both classi-

fication and regression tasks. An MLP typically consists of multiple fully connected layers

with non-linear activation functions between them [40]. For protein phenotype prediction,

the aggregated protein embeddings serve as input to the MLP, which learns to map these

high-dimensional representations to the target phenotype labels.

The MLP can be formulated as a composition of functions:

f(x) = fL ◦ fL−1 ◦ . . . ◦ f1(x) (2.10)

where each layer fi applies an affine transformation followed by a non-linear activation func-

tion. For classification tasks with mutually exclusive phenotype labels, the final layer typically

uses a softmax activation to output class probabilities, and the model is trained to minimize

the negative log-likelihood.

Decision Trees and Ensemble Methods

Decision trees are interpretable machine learning models that make predictions through a

series of binary splits on input features [41]. Each internal node represents a decision based

on a feature xj and threshold t, creating splits of the form xj ≤ t versus xj > t. The leaves

contain the final predictions, typically the most frequent class for classification tasks.

Formally, a decision tree defines a function f : Rp → Y where Y is the set of target phenotype

labels. Split selection maximizes the reduction in node impurity, measured by Gini impurity

for classification:

G(S) = 1−
∑
c

p2c (2.11)

where pc is the proportion of class c in node S. The information gain is calculated as:

∆I = I(S)− |SL|
|S|

I(SL)−
|SR|
|S|

I(SR) (2.12)

where I represents the impurity measure [42].
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Figure 2.5.: Example of a binary decision tree. The left figure shows the axis-aligned partition
of a 2-D feature space, while the right figure shows the corresponding binary
decision tree. Splits match the drawn thresholds. Leaf majorities determine
class predictions.

While individual decision trees suffer from high variance, ensemble methods address this lim-

itation. Random forests reduce variance by training multiple trees on bootstrapped samples

with random feature subsets and averaging their predictions [43]. Gradient boosting methods

take a different approach, combining many weak learners sequentially to reduce bias while

maintaining manageable variance.

Natural Gradient Boosting

Natural Gradient Boosting (NGBoost) represents a modern extension of gradient boosting

that enables probabilistic predictions by modeling the full conditional distribution pθ(y |
x) rather than producing only point estimates [44]. This approach learns distributional

parameters θ(x) such as mean and variance for Normal distributions or probability parameters

for Bernoulli distributions as additive functions of input features.

The central objective minimizes the expected negative log-likelihood:

L(θ) = E(x,y) [− log pθ(y | x)] (2.13)

A key innovation is the use of natural gradients, which incorporate the local geometry of the

parameter space through the Fisher information matrix F(θ):

g̃ = F(θ)−1∇θL (2.14)
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This makes optimization invariant to smooth reparameterizations and provides more stable

training when learning multiple coupled parameters.

The training procedure initializes distributional parameters θ(0) using a constant model that

maximizes likelihood. At each boosting iteration m, the algorithm computes per-sample

natural gradients, fits regression trees to predict these gradients from input features, and

updates parameters as:

θ(m)(x)← θ(m−1)(x) + η · fm(x) (2.15)

where fm(x) represents the base learner output and η is the learning rate.

NGBoost supports various predictive distributions: Bernoulli for binary classification, cate-

gorical for multiclass problems, and Normal, Log-Normal, Poisson, or Negative Binomial for

continuous outcomes. Link functions enforce parameter constraints as needed.

The major advantage of NGBoost lies in providing calibrated uncertainty estimates alongside

predictions. Unlike classical gradient boosted decision trees (XGBoost, LightGBM) that

optimize convex losses for point estimates, NGBoost generalizes boosting to full predictive

distributions, often improving calibration without sacrificing accuracy [45, 46, 44].

2.3. Hardware Resources

The computational infrastructure for this project consisted of two distinct server systems,

each optimized for different computational tasks: the CPU server and the GPU server. This

heterogeneous setup was designed to efficiently handle both data storage and processing

requirements while accommodating the demanding computational needs of machine learning

and graph database operations.

The CPU server served as the primary computational server, specifically configured for data

processing and database operations. The system was equipped with an Intel Xeon E5-2680

v4 processor operating at 2.40GHz, housed in an HPE ProLiant DL360 Gen9 chassis. The

server featured 256 GB of RAM to handle large-scale data operations and graph database

queries efficiently. Storage was provided by a 232 GB solid-state drive (SSD), ensuring fast

read/write operations critical for database performance. The system operated on Ubuntu

22.04 LTS, providing a stable and well-supported Linux environment for scientific computing

applications.

In contrast, the GPU server functioned as the dedicated graphics processing unit server,

specifically designed to handle computationally intensive tasks including large language model

(LLM) operations and artificial intelligence workloads. The system was built around an

AMD Ryzen Threadripper 1900X 8-core processor, providing substantial multi-threading

capabilities for parallel processing tasks. The key computational resource was an NVIDIA
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GeForce RTX 3090 graphics card with 24 GB of video RAM (VRAM), enabling the processing

of large neural networks and complex machine learning models. The GPU was connected via

PCIe Generation 1 interface operating at 8x bandwidth.

Both servers were integrated within the same local network infrastructure, enabling efficient

data transfer and resource sharing. A network mount configuration was established between

the two systems, allowing for seamless file system access across both machines. This archi-

tecture facilitated a distributed computing approach where the Neo4j graph database could

be executed within Docker containers on the CPU server while leveraging the faster SSD

storage of the GPU server for data persistence. This configuration optimized both compu-

tational performance and storage efficiency, ensuring that database operations could benefit

from high-speed storage while maintaining separation of concerns between data processing

and machine learning workloads.
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3. Methods

Modern bioinformatics increasingly involves the integration of heterogeneous data types: pro-

tein sequences, functional annotations, metadata, structural information, and phenotypic ob-

servations, all of which originate from a variety of sources and formats. One of the major

challenges in this field is handling such complex data, as biological datasets often consist of

a combination of different data types, such as measurements and labels, which are frequently

mixed together. This complexity makes biological data difficult to manage, since standard

table formats are often insufficient and single files can become unwieldy. Classical flat file

formats such as FASTA [47] offer a robust mechanism for representing linear nucleotide or

amino acid sequences but are inherently limited in their capacity to encapsulate rich metadata

or complex semantic relationships inherent in biological systems. While it is possible to in-

clude extra data through extended sequence names or auxiliary CSV tables, these approaches

tend to scale poorly and complicate downstream computational analyses. Furthermore, tra-

ditional tools have primarily focused on analyzing sequences alone, with the main goal being

to predict or determine properties based solely on sequence information. Consequently, there

exists a strong need for a data architecture capable of representing biological entities and

their interrelations in a flexible and extensible manner, particularly in the context of machine

learning driven enzyme engineering applications. To effectively combine different types of

data sources, new data management strategies are required. Our group has developed new

tools, such as PyEED1, which are designed to make all types of biological data ready for

machine learning applications and facilitate training on them [48].

3.1. PyEED Framework

To address these challenges, we developed PyEED, a Python based framework designed to

connect (i) publicly available biological databases, (ii) a local graph based data backend,

and (iii) user developed pipelines in Python. Python was selected due to its widespread

adoption in the scientific community and its rich ecosystem of machine learning and bioinfor-

matics packages. The databases integrated by PyEED vary widely in structure and scope but

typically expose programmatic access via well documented REST APIs. This architecture

enables seamless ingestion of heterogeneous data such as protein sequences from one source

1https://github.com/PyEED/pyeed
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and organism specific metadata from another and represents them in a unified internal data

model.

PyEED uses a graph database rather than a traditional relational (SQL) database as its

core. In graph databases, individual entities are represented as nodes and their relationships

as edges. Both nodes and edges can carry arbitrary attributes (key-value pairs), enabling

the storage of complex context such as residue level annotations, structural positions, or

experimental outcomes. Figure 3.1 shows a minimal example illustrating how a protein can

be connected to an organism with a “ORIGINATES FROM” relationship, including a property

specifying the NCBI taxonomy identifier.

Figure 3.1.: Minimal graph database example used to explain the basic modelling objects in
PyEED.

Protein
(name=“TEM-1”)

Organism
(species=“E. coli”)

ORIGINATES FROM

taxid=562

All such individual facts are stored in one coherent graph, typically referred to as a knowledge

graph. Machine learning models tailored to graph structured data (e.g., graph convolutional

networks or graph attention networks) can be trained on this graph to infer novel biochemical

properties. PyEED uses the open-source graph database engine Neo4j [49] (Version 5.26) [50],

which supports efficient storage and traversal of large biological graphs and exposes a domain

specific query language called Cypher. Cypher is analogous to SQL but is designed for pattern

based querying of nodes and edges in a graph (see Example 3.2).

MATCH (p:Protein {name:"TEM-1"})-[r:ORIGINATES_FROM]->(o:Organism {species:

"E. coli"}) RETURN o.taxid, p.sequence;

Figure 3.2.: Example Cypher query

The schema used by PyEED can be user defined and extended, yet in this work the base

schema was used. The idea is to have a minimal amount of different node types and relation-

ships. A subset of the full schema is shown in Figure 3.3. The Protein node is the central

node in the graph and holds attributes such as the protein name, the sequence, the accession

id, a protein embedding of the sequence and more. In the insertion of a new protein from for

example NCBI GenBank, the organism is also inserted and connected. Such that the protein

node is connected to the organism node via the ORIGINATES FROM relationship. While

the organism holds attributes such as the species name, the taxonomic id. The DNA sequence

is stored in a DNA node, which connects to a protein node via an ENCODE relationship,

which also holds the start and end of the coding region of the DNA sequence for this specific

protein. Between two protein nodes or two DNA nodes relationships like MUTATION are
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Figure 3.3.: Minimal PyEED graph schema.

used to define a mutation from one amino acid to another, the attributes on the edge contain

a list of from and to positions of the mutation.

The full schema used in this work is shown in Figure 3.4. The full schema is more com-

plex and contains more node and relationship types. Here besides protein, DNA, Organism

nodes, annotations for Regions and Sites exist. Moreover the GO terms from UniProt are

stored as GO Term nodes and connected to protein nodes via ASSOCIATED WITH rela-

tionships. The CARD ontology can be loaded in the same way into the graph, the classes

are stored in their hierarchical structure and order and connect to the protein nodes via

SUBCLASS OF relationships and CUSTOM RELATIONSHIPS (defined by the Ontology

e.g. CONFERS RESISTANCE TO)
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Figure 3.4.: Detailed PyEED schema, showing all node and relationship types used in the
enzyme engineering context.

3.1.1. Databases Integrated by PyEED

PyEED aggregates heterogeneous biological knowledge from the following high-quality cu-

rated repositories. Each database contributes distinct types of biochemical, evolutionary, or

functional information, all mapped into the PyEED graph schema via standardized node and

edge types.

• NCBI GenBank and RefSeq:

Established by the National Center for Biotechnology Information (NCBI, USA), Gen-

Bank contains publicly submitted nucleotide sequences for over 500,000 formally de-

scribed organisms, whereas RefSeq provides a curated, non-redundant set of reference

genomes, transcripts, and proteins [51]. Both serve as major sources of sequence data

and taxonomic metadata. The taxonomic lineage (NCBI TaxID), host organism, and

source feature annotations are extracted to form Organism and Protein/Nucleotide

nodes in the PyEED graph and are connected via explicit ORIGINATES FROM rela-

tionships.

• UniProt Knowledgebase (UniProtKB):

UniProtKB is a universal protein knowledgebase containing over 230 million protein

entries enriched with manually reviewed functional annotations in UniProtKB/Swiss-

Prot and computationally annotated records in UniProtKB/TrEMBL [52]. Functional

data such as enzyme commission (EC) numbers, molecular function descriptions, post-

translational modifications, and domain architectures are imported into the graph as
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node attributes or via relationships toward Function or Domain node types.

• Comprehensive Antibiotic Resistance Database (CARD):

CARD provides a rigorously curated ontology of antimicrobial resistance determinants,

resistance mechanisms, drug classes, and molecular targets [53]. Each entry represents

a gene/protein experimentally linked to a resistance phenotype. PyEED integrates

CARD by adding ResistanceGene nodes that connect to Drug, Mechanism, and Organ-

ism nodes. This enables machine learning models to correlate sequence variations with

phenotypic drug resistance patterns directly on the graph.

• Gene Ontology (GO):

The Gene Ontology is a controlled hierarchical vocabulary consisting of exactly three

sub-ontologies: Molecular Function, Biological Process, and Cellular Component [54].

PyEED incorporates GO terms as GO Term nodes and connects them to protein nodes

through ASSOCIATED WITH edges. This enables semantic similarity analysis, func-

tional enrichment, and graph-based feature learning on a principled ontological back-

bone.

• Beta-Lactamase DataBase (BLDB):

BLDB is a manually curated specialized repository focusing entirely on beta-lactamases,

enzymes that hydrolyze beta-lactam antibiotics [55]. It covers Ambler class assignment

(A-D), substrate/inhibitor profiles, resolved 3D structures, and active site annotations.

PyEED uses BLDB to annotate enzyme nodes with structurally relevant detail such as

Ambler class, active-site residue numbering, inhibitor spectra, and evolutionary clades.

This domain-specific information is critical for large language model-driven directed

evolution campaigns involving beta-lactamases.

By harmonizing these diverse data structures within a single graph, PyEED provides a unified

framework suited for advanced graph learning tasks (e.g. node classification, link prediction,

and subgraph embedding) in enzyme engineering.

3.2. Data Acquisition and Preprocessing

A list of 270 TEM NCBI IDs was downloaded from the BLDB [55], and the respective protein

and DNA sequences were retrieved from the NCBI nonredundant protein and nucleotide

databases, respectively [51]. Of the 270 protein sequences, 209 had an accession ID; these

209 TEM protein sequences were retrieved from the NCBI nonredundant protein database.

For each of the 209 TEM protein sequences, a BLASTP [56] search was performed in the

NCBI nonredundant protein database (maximum E-value 0.001, maximum of 5000 hits). The

hits were checked for duplicates by accession ID. The resulting 12,560 unique protein entries

were added to a Neo4j Graph Database version 5.26. Of the 209 proteins from the BLDB,
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207 had a DNA sequence linked in the NCBI entry. For all of these, a BLASTN search

(maximum E-value 0.001, maximum of 5000 hits) was performed in the NCBI nonredundant

nucleotide database, with a cut-off date of July 14, 2024. The 1,034,793 hits were checked

for duplicates by accession ID, resulting in 45,521 unique DNA entries, which were added to

the Neo4j database.

Since not all retrieved DNA sequences had a relationship to a protein, the link was created

via a codon table. If the protein did not exist for the corresponding DNA, a new protein

entry was created, termed ”Predicted From DNA.” To further clean the data, a sequence

identity check was performed across all proteins—those from CARD, BLDB, BLAST search,

and the predicted proteins from DNA. If a pair of duplicate entries based on protein sequence

was found, a cleaning process was initiated so that only one of the two was retained in the

database. For example, if protein A and protein B had the same sequence and protein A

was kept, all relationships previously associated with protein B were removed and linked to

protein A. In this way, knowledge such as DNA entries, CARD ontology, etc., was not lost.

After completing this step for the proteins, the same process was applied to the DNA entries,

considering only DNA sequences connected to a protein. This meant that multiple DNA

entries could be linked to one protein. Additionally, a check was performed to ensure that

all DNA was forward-coded (5’ to 3’). In 77 cases where the complement was deposited,

the reverse complement was generated. In the BLAST search and through the import of the

entire CARD ontology, too many proteins were included to allow for meaningful mutational

analysis. To focus on the TEM family, we chose only the proteins with a length of 286 amino

acids. This resulted in 10721 proteins being selected and used in the further analysis.

The selected proteins from the clustering analysis were then used for mutational analysis.

For all these proteins, a residue numbering was created based on TEM-1 (according to the

CARD ontology). This was done by aligning each protein to TEM-1 and then creating a

numbering based on the alignment. Thus, each residue in the protein has a number allowing

it to be compared to the TEM-1 numbering, which ranges from 1 to 286 (3 to 290 according

to [9]).

Although this specific numbering was used to conform with the literature on class A enzymes,

the PyEED framework allows for flexible numbering, so that the numbering can be changed to

one of choice, for instance, the Ambler standard numbering [9]. In the CARD numbering used

here, the TEM-1 signal sequence starts at 1 and ends at 24, whereas in the Ambler standard

numbering it starts at 3 and ends at 26. Based on the standard numbering, a mutation

was defined as a change in the amino acid at a specific position, relative to the standard

numbering (in our case, TEM-1). Thus, a mutation has a ”from” and ”to” position, as

well as the amino acid that is changed from and to. The same can be done for DNA, so

that a mutation is defined as a change in the nucleotide at a specific position, relative to the

standard numbering (in our case, TEM-1 DNA). For the selected protein sequences, networks

were generated with nodes representing unique sequences (including the signal sequence) and
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edges connecting two sequences if they differ by one amino acid.

3.3. Phenotype prediction for the TEM β-lactamases

The goal of the phenotype prediction is to predict the phenotype of a TEM β-lactamase based

on its sequence. The data for the prediction is the sequence of the TEM β-lactamase and

the phenotype of the TEM β-lactamase. The phenotype is the class of the TEM β-lactamase

based on the BLDB database. The class is based on the substrate specificity and inhibitor

susceptibility of the TEM β-lactamase. The classes are ’2b’ ’2be’ ’2ber’ ’2br’ (see Table 2.1).

The training and testing data was always split with a 70/30 split and the random state was

set to 42, the class distribution was kept in the training and testing data via the stratified

split from sklearn [57]. To predict the phenotype of a TEM β-lactamase, its sequence is

embedded into a vector space using a protein language model. This embedding is then used

to predict the phenotype of the TEM β-lactamase. This approach is called transfer learning,

as the goal is to extract properties from the vector embedding that describe the protein [58]

[59] [60]. For this different machine learning methods can be used, such as MLP, SVMs,

Random Forests, etc [40].

3.3.1. Different aggregation functions π(· ; θπ)

All of the downstream analyses required a single protein embedding vector for one sequence,

both in training and inference. The output from a pLM Φ(· ; θΦ) is a list of vectors of shape

Rl. The aggregation function π(· ; θπ) is used to aggregate the list of vectors into a single

vector of shape Rd, the fixed dimensionality is needed for the machine learning methods. The

aggregation function can be mean pooling, max pooling, self-similarity weighted pooling, etc

(2.8) (2.9).

The most used aggregation function is mean pooling, due to its simplicity and effectiveness.

In almost all cases reviewed in the literature there were no other pooling methods tested or

compared to mean pooling [35] [61] [62] [63] [64].

One of the main concerns about mean pooling is that in protein sequences certain positions

can play a critical role for the function of a protein, like for example binding and active

site positions. Mean pooling does not take this into account and treats all positions equally.

This might result in a signal loss in certain dimensions. In order to have a baseline against

which test can be conducted the mean and max pooling aggregation function where used,

πmean(x) =
1
n

∑n
i=1 xi or max pooling πmax(x) = maxni=1 xi respectively.

As an alternative pooling method, which uses no prior biochemical knowledge, self-similarity

weighted pooling was employed. This pooling method weights positions based on their dis-
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similarity to all other positions in the sequence, with the underlying hypothesis that positions

that deviate from the consensus may carry more functional information.

The self-similarity weighted pooling strategy follows a systematic three-step computational

process. First, the approach calculates the cosine similarity matrix S between all pairs of

position embeddings to quantify the relatedness between token embeddings:

Sij =
xi · xj

∥xi∥2∥xj∥2
(3.1)

where xi and xj are the embeddings of positions i and j respectively. This calculation

results in a similarity matrix where each entry represents the cosine similarity between token

embeddings. The resulting matrix can be visualized as a heatmap to identify embedding

space organization patterns, where regions of low similarity (represented as blue bands in

visualization) indicate positions that exhibit dissimilarity from other positions, suggesting

these positions carry unique functional information.

Second, the average cosine similarity for each position is calculated as:

s̄i =
1

n

n∑
j=1

Sij (3.2)

where n is the sequence length. Third, to emphasize positions that are dissimilar to other

positions, weights are computed by raising the dissimilarity to the power of α:

wi =
(1− s̄i)α∑n
k=1(1− s̄k)α

(3.3)

where α is a hyperparameter controlling the degree of emphasis on dissimilar positions. The

final aggregated sequence representation is calculated as:

πself-sim(x) =
n∑
i=1

wixi (3.4)

This approach identifies potentially important residues without prior biochemical knowledge

by leveraging the assumption that positions exhibiting greater dissimilarity from other po-

sitions in the embedding space carry unique functional information relevant for phenotype

determination.

In the particular case of β-lactamase, there is extensive biochemical knowledge about which

positions are important for the enzyme’s function. This information can be leveraged to assign

weights to specific positions in the sequence, either by selecting single positions or multiple

positions for aggregation. To identify the most informative combination of positions, both

random selections of known biochemically relevant positions and completely random position

selections were used as controls.
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The following array of biochemically important positions was used for targeted selection (see

also Section 2.1.1 for discussion of their biochemical relevance):

Important positions: 69, 70, 73, 76, 104, 164, 165, 166, 167, 168, 170, 171, 179, 182, 234,

235, 236, 238

These positions were chosen based on prior biochemical studies and literature, as they are

known to play critical roles in the structure and function of β-lactamase. By comparing

aggregation strategies that focus on these positions to those using randomly selected posi-

tions, the impact of incorporating biochemical knowledge into the aggregation process can

be systematically evaluated.

3.3.2. MLP and NGBoost for phenotype prediction

To identify optimal model configurations for antibiotic resistance prediction, comprehensive

hyperparameter tuning was conducted for both Natural Gradient Boosting (NGBoost) and

Multi-Layer Perceptron (MLP) models. The hyperparameter optimization strategy employed

systematic grid search and random sampling approaches, exploring multiple dimensions of

model configuration including protein language model selection, embedding extraction strate-

gies, and model-specific architectural parameters.

NGBoost Hyperparameter Optimization

The NGBoost hyperparameter space was systematically explored across three main dimen-

sions: protein language models, embedding extraction strategies, and boosting-specific pa-

rameters.

For the protein language models, nine state-of-the-art models were evaluated. These included

variants from the ESM-2 family (facebook/esm2 t6 8M UR50D, facebook/esm2 t12 35M UR50D,

facebook/esm2 t30 150M UR50D, facebook/esm2 t33 650M UR50D, facebook/esm2 t36 3B UR50D),

ProtT5 models (prot t5 xl bfd, prot t5 xl uniref50), and ESM-C models (esmc 300m, esmc 600m).

These models cover a range of computational complexity and training strategies, which al-

lowed for assessment of the trade-off between model size and prediction performance.

Embedding extraction approaches were systematically evaluated as follows:

• Single-position strategies: Targeting key catalytic residues (positions 67, 165, 232–

234 in adjusted numbering).

• Multi-position strategies: Combining multiple functionally important sites.

• Windowed approaches: Extracting local sequence context around critical positions,
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with window sizes of 2, 3, and 8.

• Weighted strategies: Applying learned importance weights to specific positions.

• Global pooling methods: Using mean and max pooling over the entire sequence.

• Self-similarity weighted approaches: Employing varying alpha parameters (−1,
−0.1, 0.5, 1.0, 2.0, 3.0).

• Random sampling strategies: Used for baseline comparison.

The selection of positions for these strategies was informed by structural and functional anal-

ysis of TEM β-lactamases, with a focus on residues known to influence substrate specificity

and catalytic activity. This included the catalytic triad, active site loops, and allosteric

networks (see Section 2.1.1).

For NGBoost-specific parameters, the boosting hyperparameters were optimized through grid

search. The number of estimators was varied from 100 to 1000 in increments of 100. The

learning rate was tested at 0.005, 0.008, and 0.01. The maximum tree depth was varied

from 2 to 6. Column sampling and minibatch fractions were kept constant at 0.7 and 0.6,

respectively, to maintain model stability.

A total of 5,000 experiment configurations were sampled from the complete hyperparame-

ter space, which allowed for a comprehensive exploration while keeping the computational

requirements feasible. The implentation was done via the pyeed framework and the python

package ngboost [65].

MLP Hyperparameter Optimization

The MLP hyperparameter tuning followed a similar multi-dimensional approach, exploring

neural network architectures, training configurations, and the same embedding strategies as

used for NGBoost.

For the network architectures, multiple feed-forward designs were systematically evaluated.

These included single hidden layer networks with 32, 64, 128, or 256 neurons; two-layer

networks with [128, 64], [64, 64], or [256, 128] neurons; and three-layer networks with [128,

64, 32] or [256, 128, 64] neurons. Regularization variants were also tested, incorporating

dropout with rates of 0.1 or 0.2, as well as batch normalization. The implentation was done

via the pyeed framework and the python package torch [66].

For training configurations, several optimization parameters were explored. Learning rates

of 0.0001, 0.001, and 0.01 were tested, along with batch sizes of 16, 32, and 64. Both Adam

and AdamW optimizers were used, with AdamW including a weight decay of 0.01. Class

26



weighting strategies were compared between balanced and unbalanced options. Training was

conducted for 200 to 300 epochs, with early stopping applied using a patience of 15 epochs.

The same comprehensive set of embedding extraction methods used for NGBoost was also

applied to the MLP models to ensure a fair and comparable evaluation across model types.

Experimental Design and Evaluation Framework

A 70/30 train-test split was used for all experiments, as described above. Of the 209 TEM β-

lactamases, 140 of them had an annotated phenotype in the BLDB database and an accession

id. This resulted in 4 target classes ’2b’ ’2be’ ’2ber’ ’2br’ for the prediction of the phenotype

(see Table 2.1). One of the 140 TEM β-lactamases had a phenotype ’ESBL’ which due to

it’s occurrence of only one sample was excluded from the prediction. The remaining 139

TEM β-lactamases have occurrences of 15 for ’2b’, 83 for ’2be’, 10 for ’2ber’ and 31 for

’2br’. Model performance was evaluated using several metrics. These included classification

accuracy for overall performance, macro-averaged precision, recall, and F1-score to account

for class imbalance, as well as training time and computational efficiency. Robust error

handling was implemented to categorize and analyze failure modes, especially for NGBoost

experiments, which were sensitive to numerical instability. Error types were systematically

classified, including singular matrix errors, numerical instability, and memory limitations.

This information was used to refine the parameter space.
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4. Results

4.1. Phenotype Prediction Results

Analysis of token-level embeddings from the ESM-C 600M model examined how protein

language models capture TEM-1 β-lactamase organization. The UMAP projection of indi-

vidual token embeddings with mean pooling aggregation (Figure 4.1) shows embedding space

organization characteristics.

Each amino acid residue occupies a distinct position in the latent space. While residues that

are close together in the linear sequence often form clusters in the embedding space, there

are also distinct jumps between clusters. These transitions may indicate regions associated

with different functional roles. The signal sequence, for example, forms a separate cluster in

the lower right portion of the projection.

Figure 4.1.: UMAP (Mean Pooling), every token of TEM1 with the esmc 600m model, the
mean is shown in orange and the tokens are colored by their position in the
sequence

The mean pooling strategy (orange point in Figure 4.1) positions centrally among token

embeddings, providing a summary representation of the sequence. This supports the use of
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mean pooling in protein sequence analysis, as discussed in Section 2.2.5.

Mean pooling may not capture protein sequence complexity. Certain positions play critical

roles in protein function, such as binding sites, active site residues, and catalytic triads

(Section 2.2.5). Mean pooling treats all positions equally, potentially losing residue-level

information for phenotype prediction.

This limitation motivated exploration of alternative pooling strategies. Two approaches

were tested for improved pooling methods. The first approach uses biochemical knowledge,

selecting tokens based on functional importance. For TEM-1 β-lactamase, this includes

residues within the active site, catalytic triad, substrate binding regions, and the Ω-loop

(Section 2.1.1). Random token selections served as controls.

The second approach addresses the requirement for prior biochemical knowledge, which is

often unavailable for novel proteins. A self-similarity weighted pooling strategy automati-

cally identifies important positions based solely on embedding characteristics, as described

in Section 3.3.1.

Figure 4.2.: Self-similarity weighted pooling analysis for TEM-1 using ESM-C 600M model.
The heatmap displays cosine similarity between all token embeddings, with blue
indicating dissimilar regions (0) and red indicating similar regions (1). The left
panel shows the computed weights for each position with alpha parameter set
to 2, highlighting regions deemed functionally important by the self-similarity
analysis.

Figure 4.2 presents the cosine similarity heatmap analysis for TEM-1 using the ESM-C 600M

model. The heatmap visualizes the similarity matrix calculated between all token embed-

dings, where blue regions indicate low similarity (approaching 0) and red regions indicate high

similarity (approaching 1). The embedding space organization patterns reveal distinct blue
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bands that identify regions where tokens exhibit dissimilarity from other positions, suggesting

these positions carry unique functional information.

The self-similarity analysis shows regions exhibiting dissimilarity from others in the embed-

ding space (blue bands in Figure 4.2). The top 15 highest-weighted positions were examined

(Figure 4.3).
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Figure 4.3.: Bar plot showing the top 15 weights from the self-
similarity analysis for TEM-1 ESMC 600M model
with alpha=1. The ranking is from top to bottom (1-
15) with corresponding residue indices displayed on
the x-axis. Residue indices marked with * indicate
positions identified as important by self-similarity
analysis but not yet characterized in the literature,
suggesting potential targets for further investigation.

The identification of positions 71, 233, 75, 232, and 129 among the top-weighted residues is

particularly noteworthy when considered in the context of TEM-1 biochemistry. Position 71

corresponds to a residue adjacent to the catalytic Ser70, placing it in the immediate vicinity

of the nucleophilic center essential for β-lactam hydrolysis. The clustering of positions 232-

234 in the top rankings aligns with the known importance of this region in the proton-relay

network during acylation, as discussed in Section 2.1.1. These positions participate in the

coupling between the general acid/base network and the Ω-loop, directly influencing catalytic

water geometry.

Position 75 is located near the catalytically important Lys73, which forms part of the general

acid/base network alongside Lys234. The high weighting of position 129 is also biochemically

30



relevant, as it lies adjacent to the SDN loop (Ser130-Asp131-Asn132), a conserved structural

motif critical for substrate binding and catalysis in class A β-lactamases.

The appearance of several Ω-loop positions (212, 208) among the weighted residues further

validates the approach, given the established role of this region in substrate specificity and

catalytic efficiency. As detailed in Section 2.1.1, mutations in the Ω-loop, particularly around

Arg164-Asp179, are frequently associated with extended-spectrum and inhibitor-resistant

phenotypes.

The fact that this knowledge-free approach successfully identifies residues with established

biochemical importance suggests that protein language models have learned to encode func-

tionally relevant information in their embeddings, even without explicit structural or func-

tional training data.

Hyperparameter optimization experiments evaluated different embedding strategies and pro-

tein language models for phenotype prediction (Section 3.5). MLP and NGBoost models

were evaluated across 5,000 configurations each.

M
ax
Po
ol
in
g

M
ea
n
Po
ol
in
g

M
ul
ti
Po
sit
io
n

R
an
do
m
Si
ng
le

Se
lf-
Si
m
α=

2.
0

Si
ng
le
Po
sit
io
n

W
ei
gh
te
d
Po
sit
io
ns

0.0

0.2

0.4

0.6

0.8

1.0

Pooling Methods

A
cc
u
ra
cy

ES
M
-C
60
0M

ES
M
-C
30
0M

ES
M
-2
65
0M

(T
33
)

ES
M
-2
3B

(T
36
)

Pr
ot
T
5-
X
L-
U
ni
R
ef
50

ES
M
-2
15
0M

(T
30
)

ES
M
-2
35
M
(T
12
)

ES
M
-2
8M

(T
6)

0.0

0.2

0.4

0.6

0.8

1.0

Model

A
cc
u
ra
cy

Figure 4.4.: Comparison of phenotype prediction accuracy for different pooling methods (left)
and different protein language models (right) using MLP classifiers. Error bars
represent standard deviation across multiple runs.

Phenotype classification of TEM-1 β-lactamase variants achieved accuracies up to 97.6% on

the test set for weighted positions and multi-position strategies using MLP models. This

accuracy enables prediction of resistance phenotypes (2b, 2be, 2ber, 2br) from sequence

information alone.

For MLP models, weighted positions strategy achieved the highest average accuracy of 84.5%
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± 6.6%, followed by multi-position selection at 76.4% ± 10.7%. Mean pooling achieved 61.9%

± 27.8% and max pooling 60.1% ± 1.2%. Self-similarity weighted approach with α = 2.0

reached 56.0% ± 23.4%, while random single position selection achieved 45.8% ± 4.1%.

NGBoost models showed similar performance across strategies. Weighted positions achieved

73.3% ± 7.0% accuracy, multi-position selection 72.2% ± 7.1%. Mean pooling achieved 61.4%

± 7.3% and max pooling 63.3% ± 8.3%. Self-similarity weighted approach achieved 63.3%

± 9.4%.

Model comparison showed modest differences. For MLP models, ESM-C 600M achieved the

highest average accuracy of 66.4% ± 23.5%, followed by ESM-2 650M (T33) at 63.3% ±
21.9%. The larger ESM-2 3B model achieved 61.9% ± 22.8%. For NGBoost, ESM-C 600M

achieved 69.5% ± 10.0%, followed by ESM-2 650M at 67.9% ± 9.9%.
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Figure 4.5.: Comparison of different pooling methods (left) and different protein language
models (right) for phenotype prediction accuracy using NGBoost classifiers. Er-
ror bars represent standard deviation across multiple runs.

The violin plots (Figures 4.6 and 4.7) provide additional insight into the distribution of per-

formance across different embedding strategies. These visualizations reveal not only central

tendencies but also the variance and shape of performance distributions across the 5,000

hyperparameter configurations tested for each model type.

For both model types, biochemically informed strategies (weighted positions, multi-position)

showed higher mean performance and more consistent results compared to traditional pooling

methods.

The top-1 accuracy analysis (Figure 4.8) examines the best-performing configuration for

each embedding strategy across all 5,000 runs, providing insight into the peak potential of
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Figure 4.6.: Violin plot showing accuracy distribution by embedding strategy for NgBoost
models.

Figure 4.7.: Violin plot showing accuracy distribution by embedding strategy for MLP mod-
els.
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each approach. This analysis reveals the theoretical upper bounds achievable when optimal

hyperparameters are selected for each strategy.

For MLP models, weighted positions and multi-position strategies both achieved top-1 accu-

racies of 97.6%. Self-similarity weighted, and single position strategies achieved 95.2% accu-

racy. Traditional pooling methods achieved 92.9% (max pooling) and 90.5% (mean pooling).

Random strategies achieved 69.0% (multi-position) and 64.3% (single position).

For NGBoost models, multi-position strategy achieved 92.9% top-1 accuracy. Weighted posi-

tions approach achieved 90.5%, while single position and self-similarity weighted approaches

achieved 88.1%. Traditional pooling methods achieved 85.7% (max pooling) and 81.0% (mean

pooling).
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Figure 4.8.: Comparison of top-1 accuracy across embedding strategies for MLP and NGBoost
models based on 5000 runs each

Biochemically informed strategies showed consistent superiority across both model types.

4.2. Latent Space Analysis and Dimensionality Reduction

Further investigation examined the mechanisms underlying self-similarity weighted pooling

performance. Three best-performing ESM-C 600M model configurations with self-similarity

weighted pooling (α = 3.0) were selected for analysis. These configurations achieved test
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accuracies of 78.57%, 76.19%, and 73.81%.

Permutation importance analysis quantified the contribution of different embedding dimen-

sions to phenotype prediction [? ]. This approach permutes individual features and measures

the resulting degradation in model accuracy. The permutation importance was calculated

using the permutation importance function from scikit-learn [57].
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Figure 4.9.: Permutation importance analysis of latent space features. Left: Bar chart show-
ing the permutation importance of the top 10 features with error bars represent-
ing standard deviation across models. Right: Cumulative importance percentage
showing how many features are needed to capture the majority of the predictive
power. The dashed lines indicate 80%, 90%, and 50% thresholds.

The permutation importance analysis examined the complete downstream task performance,

encompassing the weak learner F , aggregation function π, and protein language model Φ. A

small subset of features was responsible for the majority of predictive performance.

The relationship between embedding dimensions and self-similarity patterns was examined.

The heatmap (Figure 4.2) shows that regions exhibiting dissimilarity from the majority of

positions (blue regions) also demonstrate dissimilarity among themselves.

A supervised basis transformation was applied to identify the minimal set of dimensions ex-

plaining variance in self-similarity weighted pooling patterns across the TEM enzyme family.

The transformation procedure followed a weighted principal component analysis (PCA) ap-

proach, where a diagonal weight matrixW = diag(w) was constructed from the self-similarity

weights. The weighted covariance matrix was computed as:

Cweighted = XT
centeredWXcentered + λI (4.1)

where Xcentered represents the mean-centered embedding matrix, and regularization was ap-
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plied with λ = 10−6 × trace(Cweighted)/d to ensure numerical stability. The rotation matrix

R was obtained from the eigenvectors corresponding to the largest eigenvalues, and the final

transformation was applied as Xtransformed = XscaledR.

This weighted PCA procedure was applied family-wide, combining all 209 TEM proteins

to derive a unified latent space representation. The resulting projection of TEM-1 in the

transformed space, colored according to self-similarity weighted pooling values, is presented

in Figure 4.10.

Figure 4.10.: Projection of TEM1 in the transformed space in a per token matter colored by
the self similarity weighted pooling.

The first two principal components separate tokens according to their self-similarity pooling

weights. Tokens positioned at the negative extreme of the first component (approximately

−15 and below) correspond to residues with established biochemical functions.

Tokens 129 and 130 appear as outliers in the projection despite their proximity to the SDN

loop region. Token 75 exhibits a high self-similarity weight but lacks clearly established

biochemical function in current literature.

The variance analysis (Figure 4.11) shows monotonic decrease in explained variance with

each additional component, consistent with principal component analysis. Approximately

300 features explain the cumulative variance in the latent space.

To validate that captured variance correlates with self-similarity weights, correlation analysis
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Figure 4.11.: Explained variance analysis after basis transformation. Left: Individual ex-
plained variance ratio for the first 15 components. Right: Cumulative variance
explained across all components.

was performed between self-similarity weights and explained variance of individual compo-

nents.

The correlation analysis involved computing the absolute correlation coefficient between

the transformed embeddings along each principal component and the original self-similarity

weights:

correlationi = |corr(Xtransformed[:, i],w)| (4.2)

whereXtransformed[:, i] represents the projection of all tokens onto the i-th principal component

and w represents the self-similarity weights.
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Figure 4.12.: Correlation between self-similarity weights and explained variance of the first 15
components after basis transformation. The first component shows the highest
correlation (0.794), indicating it captures the most variance related to self-
similarity weights.

The correlation analysis (Figure 4.12) demonstrates that the first principal component ex-

hibits the strongest relationship with self-similarity weights, achieving a correlation coefficient

of 0.794. This high correlation confirms that the first component effectively captures the vari-

ance most relevant to the self-similarity weighted pooling strategy, validating the supervised

basis transformation approach. Subsequent components show substantially lower correla-

tions, with the second component achieving only 0.052, indicating that the primary signal

related to self-similarity patterns is concentrated in the first dimension of the transformed

space.

These findings suggest that the embedding space contains a dominant axis of variation that

aligns with functionally relevant self-similarity patterns. The strong correlation observed

for the first component provides empirical support for the hypothesis that protein language

models learn to encode biochemically meaningful information in their latent representations.

Furthermore, the concentration of self-similarity-related variance in a single principal compo-

nent underscores the potential for future investigations focusing on the projection along this

primary axis, particularly for understanding the unique behavior of positions such as residue

75, which exhibits high self-similarity weights but unclear biochemical attribution in current

literature.
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5. Conclusion

Validation of Transfer Learning for Protein Phenotype Prediction

Transfer learning approaches achieved accuracies up to 97.6% for predicting antibiotic resis-

tance phenotypes in TEM β-lactamases. This validates that protein language models encode

functionally relevant information for biochemical prediction tasks.

This approach requires modest training requirements. With only 139 TEM variants spanning

four phenotype classes (2b, 2be, 2ber, 2br), the models achieved high prediction accuracy

using standard computational resources and straightforward implementation through the

PyEED framework.

The widespread reliance on mean pooling in existing literature represents a limitation. In-

corporating biochemical knowledge into pooling strategies showed improved performance,

demonstrating that aggregation methodology can be as influential as model architecture se-

lection.

Rethinking the Hierarchy of Optimization in Machine Learning Pipelines

The findings challenge conventional priorities in machine learning optimization. While the AI

community typically focuses on model architecture and hyperparameters, embedding aggre-

gation strategies can have equal or greater impact on performance. Performance differences

between pooling methods often exceeded variance between different protein language models.

The self-similarity weighted pooling approach offers a computationally efficient alternative

that can be integrated into existing workflows. Its implementation as a differentiable opera-

tion allows for end-to-end training and joint learning with downstream prediction tasks.

This approach extends beyond protein language models to other domains involving sequen-

tial data processing. Applications in natural language processing could benefit from similar

attention-based aggregation strategies.

Emergent Biochemical Knowledge from Self-Supervised Learning

Protein language models spontaneously learn to encode functionally relevant information

without explicit biochemical supervision. The self-similarity weighted pooling analysis iden-

tified functionally critical regions in TEM-1 β-lactamase through a purely data-driven ap-
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proach, demonstrating that these models learn from contextual relationships between amino

acid positions.

This finding provides a step toward making protein language models more interpretable. The

self-similarity analysis offers insight into the functional logic encoded within their represen-

tations, suggesting these models may have learned a form of ”protein grammar”.

The implications for drug discovery and protein engineering include identifying novel func-

tional sites in poorly characterized enzymes or predicting functional consequences of muta-

tions in unstudied protein families.

Latent Space Organization and Functional Dimensionality

Analysis of latent space representations showed how protein language models organize bio-

chemically relevant information. Permutation importance analysis demonstrated that certain

embedding dimensions contribute disproportionately to phenotype prediction accuracy, with

the top 10 features accounting for over 80% of cumulative predictive importance.

The convergence between positions identified through self-similarity weighted pooling and

those selected based on biochemical knowledge validates that protein language models encode

functional relevance aligned with experimental observations.

To investigate why a small subset of dimensions could capture the majority of predictive

power, a supervised basis transformation was applied. This transformation explored how

functional information is distributed across the 1,152-dimensional embedding space.

The basis transformation analysis identified position 75, which exhibited high self-similarity

weights despite lacking clear biochemical attribution in current literature. This finding ex-

emplifies how computational analysis can generate testable hypotheses for experimental val-

idation.

The variance analysis revealed that the first 300 components capture the majority of variance

related to cosine similarity patterns. The critical insight emerges from the correlation analysis

rather than the variance distribution alone.

The weighted correlation analysis provided evidence for functional organization within the

latent space. The first principal component showed strong correlation with self-similarity

weights, indicating that functionally relevant information is highly concentrated rather than

distributed across multiple directions.

The analysis suggests that resistance phenotypes are encoded through discrete functional

modules distributed across the protein sequence. This modular organization implies that

antibiotic resistance emerges from the coordinated action of spatially separated sequence

elements.
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These findings provide evidence for a ”protein grammar” that governs how amino acid se-

quences encode functional properties. The ability of self-similarity analysis to identify func-

tionally relevant positions without prior biochemical knowledge suggests that protein lan-

guage models have learned generalizable principles of protein function.

Implications and Future Directions

The convergence of results from multiple analytical approaches points toward a shift in bio-

chemical sequence analysis. The integration of biological data through the PyEED frame-

work, combined with aggregation strategies for protein embeddings, represents a paradigm

that addresses limitations in the field.

The success of biochemically informed pooling strategies suggests future research should de-

velop more sophisticated aggregation functions that can adaptively weight sequence positions

based on task-specific requirements. Other approaches might incorporate structural informa-

tion, evolutionary conservation patterns, or functional annotations.

This work highlights the importance of systematic evaluation across multiple dimensions

of model configuration. Optimal performance requires careful consideration of the entire

pipeline, not just individual components in isolation.

The implications extend to the global health challenge of antibiotic resistance. Computational

tools that can rapidly predict resistance phenotypes from sequence data become valuable for

clinical decision-making and surveillance efforts. The high accuracy achieved suggests such

tools are approaching the reliability required for practical implementation.

Critical questions emerge from this research: Can the principles uncovered in TEM β-

lactamases be generalized to other enzyme families and resistance mechanisms? How can

the interpretability insights guide the design of next-generation antibiotics? Can the self-

similarity weighting approach be extended to incorporate multiple types of biochemical in-

formation simultaneously?

This thesis demonstrates that integrating domain knowledge with machine learning ap-

proaches can yield insights greater than the sum of their parts. By bridging computational

methodology and biochemical understanding, this work opens new avenues for addressing

challenges in medicine while advancing computational biology.
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A. Supporting Information

A.1. TEM-1 Amino Acid Sequence with Standard Numbering

For the complete table, please refer to the CSV file provided in the digital appendix.

Amino acid in TEM-1,Amino acid position in TEM-1,standard numbering based on lahey,

M,1,3,start of signal peptide S,2,4, I,3,5, Q,4,6, H,5,7, F,6,8, R,7,9, V,8,10, A,9,11, L,10,12,

I,11,13, P,12,14, F,13,15, F,14,16, A,15,17, A,16,18, F,17,19, C,18,20, L,19,21, P,20,22, V,21,23,

F,22,24, A,23,25,end of signal peptide H,24,26,start of mature protein P,25,27, E,26,28,

T,27,29, L,28,30, V,29,31, K,30,32, V,31,33, K,32,34, D,33,35, A,34,36, E,35,37, D,36,38,

Q,37,39, L,38,40, G,39,41, A,40,42, R,41,43, V,42,44, G,43,45, Y,44,46, I,45,47, E,46,48,

L,47,49, D,48,50, L,49,51, N,50,52, S,51,53, G,52,54, K,53,55, I,54,56, L,55,57, E,56,58, S,57,59,

F,58,60, R,59,61, P,60,62, E,61,63, E,62,64, R,63,65, F,64,66, P,65,67, M,66,68, M,67,69,

S,68,70, T,69,71, F,70,72, K,71,73, V,72,74, L,73,75, L,74,76, C,75,77, G,76,78, A,77,79,

V,78,80, L,79,81, S,80,82, R,81,83, V,82,84, D,83,85, A,84,86, G,85,87, Q,86,88, E,87,89,

Q,88,90, L,89,91, G,90,92, R,91,93, R,92,94, I,93,95, H,94,96, Y,95,97, S,96,98, Q,97,99,

N,98,100, D,99,101, L,100,102, V,101,103, E,102,104, Y,103,105, S,104,106, P,105,107, V,106,108,

T,107,109, E,108,110, K,109,111, H,110,112, L,111,113, T,112,114, D,113,115, G,114,116,

M,115,117, T,116,118, V,117,119, R,118,120, E,119,121, L,120,122, C,121,123, S,122,124,

A,123,125, A,124,126, I,125,127, T,126,128, M,127,129, S,128,130, D,129,131, N,130,132,

T,131,133, A,132,134, A,133,135, N,134,136, L,135,137, L,136,138, L,137,139, T,138,140,

T,139,141, I,140,142, G,141,143, G,142,144, P,143,145, K,144,146, E,145,147, L,146,148, T,147,149,

A,148,150, F,149,151, L,150,152, H,151,153, N,152,154, M,153,155, G,154,156, D,155,157,

H,156,158, V,157,159, T,158,160, R,159,161, L,160,162, D,161,163, R,162,164, W,163,165,

E,164,166, P,165,167, E,166,168, L,167,169, N,168,170, E,169,171, A,170,172, I,171,173, P,172,174,

N,173,175, D,174,176, E,175,177, R,176,178, D,177,179, T,178,180, T,179,181, M,180,182,

P,181,183, A,182,184, A,183,185, M,184,186, A,185,187, T,186,188, T,187,189, L,188,190,

R,189,191, K,190,192, L,191,193, L,192,194, T,193,195, G,194,196, E,195,197, L,196,198,

L,197,199, T,198,200, L,199,201, A,200,202, S,201,203, R,202,204, Q,203,205, Q,204,206,

L,205,207, I,206,208, D,207,209, W,208,210, M,209,211, E,210,212, A,211,213, D,212,214,

K,213,215, V,214,216, A,215,217, G,216,218, P,217,219, L,218,220, L,219,221, R,220,222,

S,221,223, A,222,224, L,223,225, P,224,226, A,225,227, G,226,228, W,227,229, F,228,230,

I,229,231, A,230,232, D,231,233, K,232,234, S,233,235, G,234,236, A,235,237, G,236,238,

E,237,240, R,238,241, G,239,242, S,240,243, R,241,244, G,242,245, I,243,246, I,244,247, A,245,248,
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A,246,249, L,247,250, G,248,251, P,249,252, D,250,254, G,251,255, K,252,256, P,253,257,

S,254,258, R,255,259, I,256,260, V,257,261, V,258,262, I,259,263, Y,260,264, T,261,265, T,262,266,

G,263,267, S,264,268, Q,265,269, A,266,270, T,267,271, M,268,272, D,269,273, E,270,274,

R,271,275, N,272,276, R,273,277, Q,274,278, I,275,279, A,276,280, E,277,281, I,278,282, G,279,283,

A,280,284, S,281,285, L,282,286, I,283,287, K,284,288, H,285,289, W,286,290,end of mature

protein
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