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ren zur Erlangung eines akademischen Grades vorgelegt.

Declaration of original authorship

I hereby declare that this dissertation is my own original work except where
otherwise indicated. All data or concepts drawn directly or indirectly from
other sources have been correctly acknowledged. This dissertation has not been
submitted in its present or similar form to any other academic institution either
in Germany or abroad for the award of any other degree.

Saarbrücken, Oktober 2025

gez. / signed
Andreas Denger





Abstract

The identification of membrane transporters and their substrates is crucial for
advancing research in metabolomics, pharmacology, and biotechnology. This
thesis comprises three published articles that enhance our ability to predict
substrates of membrane transporters with machine learning approaches.

First, we developed optimal datasets and feature encodings for predicting trans-
porter substrates across E. coli, A. thaliana, S. cerevisiae, and human. We show
that single-organism classifiers can yield robust performance, with a four-class
model for A. thaliana achieving an F1-score of 0.97. On a binary meta-dataset
of all four organisms, the mean F1 was 0.91.

Second, we created an optimization algorithm that employs machine learning to
reduce redundancy in functional annotations of transporters, resulting in more
manageable datasets. For a meta-organism dataset, this pipeline narrowed the
number of classes from 695 to 49, while still covering 96% of transport proteins
and achieving a median F1 of 0.92.

Third, we leveraged novel deep learning techniques, including protein language
models and 3D structural models, to enhance substrate prediction accuracy. We
demonstrated improved classification performance for carriers in A. thaliana and
for human ion channels.

These studies, and their accompanying software packages, provide a comprehen-
sive framework for identifying and classifying membrane transporters, paving
the way for future research and applications.





Zusammenfassung

Die Identifizierung von Membrantransportern und ihren Substratmolekülen ist
entscheidend für die Metabolomik, Pharmakologie und Biotechnologie. Die-
se Dissertation umfasst drei veröffentlichte Artikel, in denen Methoden zur
Substrat-Vorhersage entwickelt wurden.

Zunächst entwickelten wir optimierte Datensätze und Sequenz-Kodierungen,
um in vier Organismen mit maschinellem Lernen Proteine zu klassifizieren.
Wir zeigten, dass Organismus-spezifische Modelle akkurate Vorhersagen tref-
fen können. Ein Vier-Klassen-Modell für A. thaliana erreichte einen F1-Score
von 0,97. Bei einem Meta-Datensatz bestehend aus vier Organismen lag der F1
bei 0,91.

Anschließend entwickelten wir einen Optimierungsalgorithmus, der Redundan-
zen zwischen den funktionellen Annotationen von Transportern reduziert. Für
einen Meta-Organismus-Datensatz verringerte diese Methode die Anzahl der
Klassen von 695 auf 49, von denen noch 96% der Transportproteine abgedeckt
waren; der Median der paarweisen F1-Scores lag bei 0,92.

Schlussendlich nutzten wir Deep-Learning-Methoden, u.a. Protein-Sprachmo-
delle und vorhergesagte 3D-Strukturen, um die Genauigkeit der Substratvorher-
sage weiter zu verbessern. Wir demonstrierten eine verbesserte Klassifikation
von Carrier-Proteinen in A. thaliana und von menschlichen Ionenkanälen.

Diese Studien, sowie die dazugehörige Software, bieten ein umfassendes Frame-
work zur Klassifizierung von Membrantransportern, und ebnen damit den Weg
für zukünftige Grundlagenforschung.
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Chapter 1

Introduction

1.1 Motivation

Proteins are responsible for essential functions in every cell and organism [1].
Transmembrane transport proteins (transporters) specifically are in charge of
carrying molecules across biological membranes [2]. While some small and non-
ionized molecules can pass the cellular membrane on their own through passive
diffusion, many others, including ions, various small metabolites, essential nutri-
ents such as sugars and amino acids, molecules involved in cell communication
and signaling, and even entire proteins, have to rely on membrane transporters
as a means to enter or exit the cell, or one of its intracellular compartments [3].
Studying the transporters that are present in a cell or a micro-organism, along
with their transported substrates, is therefore an important task that provides
crucial information to many scientific fields.

Membrane transporters can serve as a means for drug compounds to enter the
cell and reach their destined targets in the intracellular environment [4]. Multi-
drug efflux transporters play a major role in the resistance against antibiotics in
pathogenic microorganisms [5], and in the acquired multi-drug resistance of can-
cer cells during chemotherapy [6]. Furthermore, it is estimated that membrane
proteins in general make up over 60% of all drug targets [7].

The transporters that are present in the cellular membrane of an organism,
along with the flux of each transported substrate, can give insights into how the
intracellular networks interact with their environment [8]. The resulting com-
puter models can then be used for phenotype prediction, metabolic engineering
and drug design, among other applications [9][10].

Genetically engineered mammalian cells and micro-organisms are being used
to synthesize many different products at an industrial scale, including biofuels,
therapeutic proteins, animal feed, enzymes, and drug compounds [11][12][13].
Knowledge about the transporters that are located in (or could be added to) the
respective cellular membranes can be used to tailor the nutrient concentrations
in the growth medium towards the individual needs of the organism or cell
[14][15], to prevent the export of intermediary metabolites in order to increase
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2 CHAPTER 1. INTRODUCTION

the yield of subsequent pathways that lead towards the desired product [16],
and to mediate the export of the synthesized molecule from the cell, which can
help in simplifying the subsequent purification steps [17].

Many new organisms and strains are being discovered, and large parts of their
proteomes have still not been functionally characterized [18]. This is also the
case for membrane transporters, which continue to be among the most un-
derrepresented groups of proteins in terms of available functional annotations
[19][20]. However, experiments for determining transporter substrates are costly
and labor-intensive. Computational methods can help in narrowing down the
search space, e.g. by eliminating certain substrates from being considered for
screening, or by providing ranked lists that can tell the researchers which sub-
strate types (e.g. sugar, amino acid, potassium) to test for first.

Proteins are chains of amino acids that are held together by peptide bonds.
These amino acid sequences are then folded into three-dimensional structures,
and moved to the location in the cell where they carry out their function. In
nature, there are 20 different types of amino acids that are commonly found in
these protein sequences. The biological functions, the three-dimensional struc-
ture [21] and often also the destined intracellular location [22][23] of the protein
are encoded in the order and length of its amino acid sequence.

A common method for predicting the unknown function of a protein is to search
sequence databases for similar proteins, with software such as BLAST [24] and
HMMER [25]. The goal is to find proteins with a high sequence similarity for
which the desired annotation has already been experimentally determined. This
information is then transferred to the new protein, under the assumption that
sequence similarity is proportional to functional similarity. However, this ap-
proach also has its challenges [26]. On one hand, there are still many proteins
for which the function has not yet been determined, and where no homologous
proteins with known function can be found in available databases [18]. On the
other hand, there are clusters of proteins that show high similarity in terms
of their three-dimensional structure and/or their binding pockets, but simulta-
neously a low sequence identity to even closely related proteins, meaning that
comparing their entire sequences might not be a suitable method for annotating
their functions [27][28][29].

Most transporters are specific towards a particular substrate, or a group of sub-
strates. Even multi-drug transporters with ten or more known substrates often
have binding pockets that contain multiple, sometimes overlapping binding sites,
which are capable of excluding molecules that are highly similar to those they
transport [30][31][32]. This specificity is typically determined by a small fraction
of the amino acids in the sequence, while the remainder of the protein shows a
lower sequence conservation [28][33][34]. Some conserved sequence positions are
directly related to the substrate selection of the protein, as they bind to specific
atoms of transported molecule in the binding pocket [29][34], but others can also
be necessary for achieving a particular structural fold, as seen in the selectivity
filters of ion channels [35][36], or to carry out a mechanism that is shared by
members of a protein family, e.g. the salt bridges that form or break in some
carrier proteins, in order to change the protein structure in a way that releases
the bound substrate on the other side of the membrane [29]. While sequence ho-
mology search is suitable for finding phylogenetically related transport proteins
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of high sequence identity [37], it can therefore be a less reliable method for the
automatic annotation of their transported substrates [38], as transporters of the
same molecule can have different folds, low sequence identity and no common
motifs, whereas transport proteins with high similarity in structure or sequence
can be selective towards different substrates [27][28].

As an alternative to inferring functional information through sequence homol-
ogy, supervised machine learning algorithms trained on encoded protein se-
quences have been used for the prediction of functional annotations [39][40][41].
The goal of this thesis is to expand on these approaches by creating a machine
learning pipeline that can accurately predict membrane transporter substrates
across a wide range of organisms and protein families. This will be divided into
three parts: First, we will find suitable protein encodings and machine learning
algorithms, along with filtering methods that only keep the useful data points for
each sample. Second, we implement a more sophisticated method for creating
membrane transporter datasets from published experimental data, along with
a data-driven clustering method that can find a meaningful and well-separable
subset of functional annotations for a set of proteins. Finally, we will further
improve on the predictive performance of protein encodings and classification
algorithms by incorporating recent advances in deep learning, natural language
processing and protein structure prediction [21].
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1.2 Objectives and Outline

The background information that is necessary for understanding the following
chapters is summarized in Chapter 2. The first half starts with an introduc-
tion to proteins and membrane biology, followed by an overview of the differ-
ent transport mechanisms found in membrane transport proteins. The focus
of this section lies on how exactly the different types of proteins and protein
complexes are able to select for their specific substrate molecules(s), both on
a macro-molecular- and on an atomic scale. Specifically, we are interested in
how sequence and structure enable the substrate transport function, so that we
can rely on this information when we create protein datasets, feature encoding
algorithms, and supervised machine learning pipelines. In Section 2.2, we start
by introducing relevant software tools, websites and databases. Next, we build
the mathematical background for statistical testing, correlation analysis and for
the machine learning methods we used. We focus on Support Vector Machines
(SVMs) and explain their internal workings in detail, along with different meth-
ods for extending and modifying the SVM algorithm for our purposes. Finally,
the chapter ends with the evaluation metrics that were used throughout this
thesis.

Chapter 3 then starts with a proof-of-concept machine learning model trained on
two classes of carrier proteins in A. thaliana, which we analyze and optimize ex-
tensively. To this end, we test and compare various machine learning algorithms
and protein feature encodings, and visualize the data with PCA, heatmaps and
hierarchical clustering. Using the best-performing model as a starting point, we
then apply the pipeline to additional organisms, and further adjust the model
to address the resulting challenges and edge-cases. We try different approaches
for increasing the number of samples available for training, such as training a
model on one organism and applying it to another, combining the transporters
from multiple species into a meta-organism dataset, and implementing a custom
transformer that selects the best combination of feature encodings for a given
set of substrate annotations. Finally, we also test a multi-class model with four
substrates, where binary classifiers are trained in a one-vs-rest scheme. The
code was released as a Python package that allows the user to automatically
create training datasets and machine learning models for any set of substrate
classes.

The first goal of Chapter 4 was to put more work into the dataset creation
methods, and switch to a more accurate and more complex hierarchy of func-
tional annotations. We developed a pipeline that automatically finds, filters and
assembles the information available about membrane transporters in published
literature, such as their sequences, motifs and known substrate molecules, as
well as other related functional annotations. The dataset pipeline can be ad-
justed with several parameters, in order to find an appropriate trade-off between
quantity and quality. Previously, we had also discovered that some sets of sub-
strate classes result in more accurate models than others. Therefore, the second
task was to employ statistical testing and correlation analysis, in order to find
potential causes of these differences, and develop metrics that can predict good
classification performance. To this end, we implemented a wide range of similar-
ity measures between functional annotations, including chemical similarity be-
tween transported substrates, semantic similarity between GO terms, sequence
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similarity between the annotated proteins, as well as similarity metrics derived
directly from the GO graph, e.g. the difference in node degree. Finally, we used
our findings to develop a constraint-based greedy clustering algorithm that can
find a set of well-separable classes for a dataset of membrane transporters.

In Chapter 5, we then compare the SVM models from Chapters 3 and 4 against
a deep neural network model that we developed for this task. Additionally, we
test DL-based feature encodings and compare them to our previously developed
methods. We derive features from structural models predicted with AlphaFold
2 [21], by converting them to 3Di sequences that describe the orientations and
interactions of the amino acids, with FoldSeek [42]. We also take advantage of
recent developments in natural language processing, by extracting embeddings
from amino acid sequences and folded protein structures with protein language
models (pLMs). Evaluation and comparison of the models was carried out on
carrier proteins from A. thaliana, and on three types of human ion channels.

The project in its entirety and the results of the studies are summarized in the
first section of Chapter 6. This is followed by an outlook section, where the
potential next steps are discussed.
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1.2.1 First author publications included in this thesis

Denger, A., & Helms, V. (2022). “Optimized data set and feature con-
struction for substrate prediction of membrane transporters” Journal
of Chemical Information and Modeling, 62(23), 6242-6257.

Abstract: Alpha-helical transmembrane proteins termed membrane trans-
porters mediate the passage of small hydrophilic substrate molecules across
biological lipid bilayer membranes. Annotating the specific substrates of the
dozens to hundreds of individual transporters of an organism is an important
task. In the past, machine learning classifiers have been successfully trained
on pan-organism datasets to predict putative substrates of transporters. Here,
we critically examine the selection of an optimal data set of protein sequence
features for the classification task.

We focus on membrane transporters of the three model organisms E. coli, A.
thaliana, S. cerevisiae, as well as human. We show that organism-specific clas-
sifiers can be robustly trained if at least 20 samples are available for each sub-
strate class. If information from position-specific scoring matrices is included,
such classifiers have F1 scores between 0.85 and 1.00. For the largest dataset
(A. thaliana), a 4-class classifier yielded an F-score of 0.97. On a pan-organism
dataset composed of transporters of all four organisms, amino acid and sugar
transporters were predicted with an F1 score of 0.91.

Denger, A., & Helms, V. (2024). “Identifying Optimal Substrate Classes
of Membrane Transporters” PloS one, 19(12), e0315330.

Abstract: Membrane transporters are responsible for transporting a wide va-
riety of molecules across biological membranes, and are therefore involved in
many important pathways in all organisms. However, experiments to identify
the substrates of the vast number of newly sequenced gene products are costly
and time-consuming. Machine learning models trained on protein data have suc-
cessfully been used for assigning transporters into substrate classes, but so far,
no method has been presented to find an optimal subset of functional annota-
tions for transporter classification. Here, we implemented a pipeline for creating
a dataset of transmembrane transporters, calculating pairwise similarity- and
machine learning evaluation scores between the different classes of transporters,
and annotating the dataset with a subset of Gene Ontology (GO) functional an-
notations that shows low redundancy and high pairwise machine learning scores.
Applying correlation analysis and statistical tests, we found that the protein sets
annotated to pairs of functional annotations should not be too similar or too
dissimilar to each other in terms of sequence identity, and should have mini-
mal annotation overlap. For a dataset containing 98.1% of transporters from S.
cerevisiae, the pipeline automatically reduced the number of functional anno-
tations from 287 to 11, while the GO terms had a median pairwise F1 score of
0.87 ± 0.16. For a meta-organism dataset containing 96% of all transport pro-
teins from S. cerevisiae, A. thaliana, E. coli and human, the number of classes
was reduced from 695 to 49, with a median F1 score of 0.92 ± 0.10 between
pairs of GO terms. When lowering the percentage of covered proteins down to
67%, the pipeline found a subset of 30 GO terms with a median F1 score of
0.95 ± 0.06.
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Denger, A., & Helms, V. (2025). “Application of Protein Structure En-
codings and Sequence Embeddings for Transporter Substrate Predic-
tion”, Molecules, 30(15), 3226.

Abstract: Membrane transporters play a crucial role in any cell. Identifying
the substrates they translocate across membranes is important for many fields
of research, such as metabolomics, pharmacology, and biotechnology. In this
study, we leverage recent advances in deep learning, such as amino acid se-
quence embeddings with protein language models (pLMs), highly accurate 3D
structure predictions with AlphaFold 2, and structure-encoding 3Di sequences
from FoldSeek, for predicting substrates of membrane transporters. We test new
deep learning features derived from both sequence and structure, and compare
them to the previously best-performing protein encodings, which were made
up of amino acid k-mer frequencies and evolutionary information from PSSMs.
Furthermore, we compare the performance of these features either using a previ-
ously developed SVM model, or with a regularized feedforward neural network
(FNN). When evaluating these models on sugar and amino acid carriers in A.
thaliana, as well as on three types of ion channels in human, we found that both
the DL-based features and the FNN model led to a better and more consistent
classification performance compared to previous methods. Direct encodings of
3D structures with Foldseek, as well as structural embeddings with ProstT5,
matched the performance of state-of-the-art amino acid sequence embeddings
calculated with the ProtT5-XL model when used as input for the FNN classifier.

1.2.2 Coauthor publications during doctoral studies

Yang, W, Denger, A, Diener, C, Küppers, F, Soriano-Baguet, L, Schäfer, G,
Yanamandra, AK, Zhao, R, rck, A, Schwarz, EC, Hart, M, Lammert, F, Roma,
LP, Brenner, D, Christidis, G, Helms, V, Meese, E, Hoth, M & Qu, B (2022).
“Unspecific CTL Killing Is Enhanced by High Glucose via TNF-
Related Apoptosis-Inducing Ligand.” Frontiers in immunology 13 831680

Abstract: TNF-related apoptosis inducing ligand (TRAIL) is expressed on
cytotoxic T lymphocytes (CTLs) and TRAIL is linked to progression of dia-
betes. However, the impact of high glucose on TRAIL expression and its re-
lated killing function in CTLs still remains largely elusive. Here, we report that
TRAIL is substantially up-regulated in CTLs in environments with high glu-
cose (HG) both in vitro and in vivo. Non-mitochondrial reactive oxygen species,
NFκB and PI3K/Akt are essential in HG-induced TRAIL upregulation in CTLs.
TRAILhigh CTLs induce apoptosis of pancreatic beta cell line 1.4E7. Treatment
with metformin and vitamin D reduces HG-enhanced expression of TRAIL in
CTLs and coherently protects 1.4E7 cells from TRAIL-mediated apoptosis. Our
work suggests that HG-induced TRAILhigh CTLs might contribute to the de-
struction of pancreatic beta cells in a hyperglycemia condition.

My contribution: I performed the differential expression analysis of Agilent
microarray data with the Linear Models for Microarray Data (limma) R pack-
age [43], including background correction with the NormExp method, quantile
normalization, and multiple filtering steps for improving data quality. Pre-
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processing was carried out with R packages from tidyverse [44] and Bioconduc-
tor [45]. Using limma, a linear model was calculated between samples in high
glucose (HG) or normal glucose (NG) conditions, and differentially expressed
genes were identified with a t-test. The associated p-values were calculated for
each gene with an empirical Bayes method and adjusted for multiple testing
with the Benjamini-Hochberg method [46]. Among the DE genes, I performed
gene annotation enrichment analysis to find Gene Ontology (GO) terms [47]
and KEGG pathways [48] that are over-represented in one of the gene sets. Ad-
ditionally, I carried out another pathway enrichment analysis based on protein
interaction subnetworks, using the pathfindR package [49]. I submitted the gene
expression datasets to ArrayExpress (accession E-MTAB-11441), after applying
the required data processing steps [50]. Finally, I visualized results of the dif-
ferential expression analysis and gene annotation enrichment analyses with the
seaborn [51] and matplotlib [52] packages in Python, and with the ggplot2 [53]
and gplots [54] packages in R.

Cappello, S, Sung, HM, Ickes, C, Gibhardt, CS, Vultur, A, Bhat, H, Hu, Z,
Brafford, P, Denger, A, Stejerean-Todoran, I, Köhn, RM, Lorenz, V, Künzel,
N, Salinas, G, Stanisz, H, Legler, T, Rehling, P, Schön, MP, Lang, KS, Helms,
V, Herlyn, M, Hoth, M, Kummerow, C, Bogeski, I (2021). “Protein Signa-
tures of NK Cell-Mediated Melanoma Killing Predict Response to
Immunotherapies.” Cancer Research, 81, 21:5540-5554.

Abstract: Despite impressive advances in melanoma-directed immunothera-
pies, resistance is common and many patients still succumb to metastatic dis-
ease. In this context, harnessing natural killer (NK) cells, which have thus far
been sidelined in the development of melanoma immunotherapy, could provide
therapeutic benefits for cancer treatment. To identify molecular determinants
of NK cell–mediated melanoma killing (NKmK ), we quantified NK-cell cyto-
toxicity against a panel of genetically diverse melanoma cell lines and observed
highly heterogeneous susceptibility. Melanoma protein microarrays revealed
a correlation between NKmK and the abundance and activity of a subset of
proteins, including several metabolic factors. Oxidative phoshorylation, mea-
sured by oxygen consumption rate, negatively correlated with melanoma cell
sensitivity toward NKmK, and proteins involved in mitochondrial metabolism
and epithelial–mesenchymal transition were confirmed to regulate NKmK. Two-
and three-dimensional killing assays and melanoma xenografts established that
the PI3K/AKT/mTOR signaling axis controls NKmK via regulation of NK
cell–relevant surface proteins. A “protein-killing-signature” based on the pro-
tein analysis predicted NKmK of additional melanoma cell lines and the re-
sponse of patients with melanoma to anti-PD-1 checkpoint therapy. Collec-
tively, these findings identify novel NK cell–related prognostic biomarkers and
may contribute to improved and personalized melanoma-directed immunother-
apies.

My contribution: I performed a correlation analysis to find genes in an ex-
ternal gene expression dataset from Hugo et al. [55] that correlate with the
NK92 killing signature, then used those genes to train a Support Vector Ma-
chine (SVM) model that can predict melanoma patient sensitivity to anti-PD-1
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melanoma immunotherapy, by categorizing patients into responders and non-
responders, with relatively high accuracy (81% sensitivity and 78% specificity in
a 5-fold cross validation). Using a χ2 test, the 17 top-ranking genes in terms of
predictive value were selected for this model. I visualized the SVM hyperplane
and training samples as a 2D scatter plot, after performing a principal com-
ponent analysis (PCA) to reduce the number of feature dimensions from 17 to
two. Training the model on only the first two principal components improved the
evaluation further (sensitivity and specificity of 86% and 85%, respectively). Fi-
nally, I applied a gene-wise Z-score to the genes that led to the best-performing
model, applied Ward’s hierarchical clustering, and visualized the results as a
clustered heatmap with a dendrogram, using the seaborn [51] Python package.
The scikit-learn [56] Python package was used for training and evaluation of
the SVM, for the feature selection, and for performing the PCA. Pre-processing
of labels and features for the machine learning training dataset was carried out
with the tidyverse framework [44] in R.
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Chapter 2

Background

2.1 Biology

In this section, an overview is provided of the major protein families and trans-
port mechanisms that exist across the tree of life, while paying special attention
to how the amino acid sequence, the three-dimensional fold, and the physic-
ochemical properties of the individual amino acids influence the substrate se-
lection and general function. The goal is to not just get an comprehensive
understanding of transmembrane transport proteins, but to also look for simi-
larities and patterns that machine learning models could take advantage of when
trying to predict the substrate selectivity or the transport mechanism of newly
discovered and/or functionally uncharacterized proteins. These conclusions will
be discussed in a short summary at the end of the section.

2.1.1 Proteins

The functions of genes in the cell are carried out by their gene products. Genes
are transcribed to RNA molecules, which in some cases can carry out tasks
directly, but in most cases are further translated into proteins. They are re-
sponsible for many important functions in the cell: Enzymes catalyze chemical
reactions that break down nutrients and process subsequent metabolites, struc-
tural proteins make up the cytoskeleton that gives rigidity to cells and their
cellular compartments, transcription factors regulate the rate at which genes
are transcribed, and transporters carry molecules from one location to another
[57].

At a molecular level, proteins are chains of amino acids, held together by peptide
bonds. The individual amino acids are made up of an amino-group (-NH2), a
carboxy-group (-COOH) and a residue group (-R), all held together by a central
carbon atom called Cα (see Figure 2.1). While the former two components,
together with Cα, make up the backbone of the protein, the residue determines
the name of the amino acid, as well as its size, flexibility and its physicochemical
properties [58]. Amino acids can form peptide bonds between each other; a
hydroxy group (-OH) from the carboxy group of one amino acid, and a hydrogen
atom from the amino group of another amino acid, form a water molecule (H2O),

11
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Figure 2.1: Two proteinogenic amino acids, each made up of an amino group (NH2), a side
chain residue R, a carboxy group (COOH) and a central Cα atom, form a peptide bond
through a condensation reaction. Adapted from Alberts et al. [57].

Figure 2.2: The flexibility of the protein backbone is achieved by rotation around the bonds
formed by the central Cα atom, and limited by interactions between residues and backbone
atoms. The peptide bond shows little flexibility, it is at the center of the so-called peptide
plane, shown in grey. Figure from Alberts et al. [57].

allowing the carbon to bind directly to the nitrogen (see Figure 2.1). Chains of
fewer than 20 amino acids are typically called peptides, whereas longer chains
are referred to as proteins [58]. In total, the standard genetic code encodes
20 different types of these proteinogenic amino acids (see Figure A.1), and two
more can be added by special translation mechanisms (i.e. selenocysteine and
pyrrolysine) [57][59].

Each amino acid in the chain is equipped with one or two axes of rotation around
the bonds formed by the central Cα atom, which gives the protein backbone
some flexibility (see Figure 2.2). The range of possible angles depends on the
residue of the amino acid; proline is a special case where the first angle is
completely restricted, as the side chain is covalently bound to the backbone and
forms a ring, while glycine is the most flexible amino acid due to its small side
chain (see Figure A.1). The peptide bond shows little movement [58]. Due to
this flexibility, the amino acids in the protein are capable of forming covalent
and non-covalent bonds with each other, which allows for the protein to be
folded into three-dimensional (3D) shapes. At the lowest level, hydrogen bonds
in the backbone build secondary structures, such as α−helices and β-sheets (see
Figure 2.3). In helices, the backbone oxygen of the nth amino acid in the
sequence forms a hydrogen bond with the backbone amino group (NH) of the
(n + k)th amino acid [60][61]. By far the most common helical structure is the
α-helix (k = 4) (see Figure 2.3a), although π-helices and 310-helices (k = 3
and k = 5, respectively) have also been observed in nature [62][63]. The other
common secondary structure is the β-sheet, where hydrogen bonds are formed
between the backbones of two or more parallel (or anti-parallel) strands of the
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Figure 2.3: Three common types of secondary structures found in proteins. Spheres represent
atoms that are colored according to their element (black=carbon, blue=nitrogen, red=oxygen,
white=hydrogen). Red dotted lines are hydrogen bonds, continuous lines represent covalent
bonds. (a) This figure shows an α-helix, which is held together by backbone hydrogen bonds
between the nth and n+4th amino acid in the sequence. (b) An anti-parallel β-sheet, formed
through hydrogen bonds between four different parts of the protein sequence. (c) A parallel
β-sheet. Drawings are from Branden and Tooze [58].

protein sequence (see Figure 2.3b,c) [60]. The remaining parts of the protein
sequences are typically referred to as turns, loops or coils; they can be more or
less flexible depending on the included amino acids and their interactions with
other residues in the 3D structure [58][64].

From interactions between these secondary structures, the tertiary structure of
the protein is formed. Whereas the secondary structures rely solely on hydro-
gen bonds between atoms in the backbone of the proteins, the protein folding
process also utilizes bonds between two residues, or between a residue and a
backbone atom. These include hydrogen bonds, hydrophobic interactions, cova-
lent disulfur bonds between two cysteines, van der Waals interactions, and ionic
bonds between a basic and an acidic residue [58][65]. The presence of a residue
with desired properties at a particular position in the protein can therefore be
very important for the shape and function of the protein [66]. For this reason,
these crucial positions often remain conserved during evolution [67], although a
replacement with a chemically similar residue can occur as well [68]. In turn,
it is possible to find the sequence positions with highest functional importance
by comparing different variants of a protein across multiple species, and find-
ing those positions that remain constant in terms of size, steric effects, charge,
hydrophobicity, and other physicochemical properties [69].

If a sub-sequence of three or more amino acids is conserved then it is referred
to as a sequence motif [70], while a conserved part of a 3D-structure is called
a protein domain [58]. Protein families are sets of homologous proteins that
typically share at least one domain or motif [71][72] One type of protein domain
that is found in enzymes, receptors and membrane transporters is the active
site, or binding pocket of the protein. The residues that protrude into this
cavity have chemical properties that mirror those of its substrate, ensuring that
the molecule docks to the protein in the desired orientation, which changes the
chemical properties of the substrate and the protein in a particular way [58].
In enzymes, for example, some of the valence electrons of the bound compound
can be pulled towards polar residues in the active site, which lowers the energy
activation barrier for (i.e. which catalyzes) a chemical reaction on the molecule
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[73]. In certain types of membrane transport proteins, the binding of a substrate
can lead to a series of conformation changes in the three-dimensional structure
of the protein that cause it to close on one side of the membrane and open on
the other, where the substrate is then released again (see Section 2.1.3.2, Figure
2.12b) [28].

These binding pockets are typically substrate-specific, meaning that the molecu-
le, or a set of similar molecules, fit into the protein just like a key fits into a
key-hole (see Section 2.1.3.2, Figure 2.11b) [73], although larger cavities with
binding sites for multiple different compounds exist as well (see Sections 2.1.3.1
and 2.1.3.2) [74]. Many pharmaceutical compounds are tailor-made to fit into
the binding pocket of their respective target proteins, in order to interfere with
their functions in some way [75]. Finding molecules that interact with the
binding pocket of an enzyme or a membrane transporter is therefore a topic of
ongoing research [76].

Another type of structural domain is the protein-protein binding interface.
Through these areas on their solvent-accessible surface, proteins are capable of
binding to each other, either temporarily (e.g. to deliver a substrate, as shown
in Figure 2.6), or because they carry out their functions as a part of a pro-
tein complex, which is also referred to as the quaternary structure of a protein
[77][78]. Some protein complexes, called homomers, are made up of multiple
copies of the same protein [79](see Figures 2.15b, 2.17a), while heteromers are
made up of different proteins [80] (see Figures 2.6, 2.10). Homomers can also
be assembled into larger complexes, as shown e.g. in Figure 2.8

2.1.2 Membranes

Biological membranes are dynamic barriers made up of lipids, carbohydrates
and proteins that separate the intracellular environment from the outside (see
Figure 2.4). Membranes can also occur inside the cell itself, where they surround
intracellular compartments that are responsible for distinct functions [81][82].

2.1.2.1 The structure of the lipid bilayer membrane

The individual lipids are composed of a hydrophobic tail and a hydrophilic head,
which are arranged in the form of a lipid bilayer, where the tails are pointing
inward, while the hydrophilic heads interact with the aqueous solution that
surrounds the membrane [83]. At sufficiently high temperatures, the lipid bilayer
is in a liquid-crystalline phase, meaning that it exhibits properties of liquid and
crystalline materials, and allows the individual molecules to move around the
membrane laterally [81][84]. Below their critical melting temperature Tm, the
membrane lipids can undergo a reversible phase transition into a gel, which has
been shown to affect membrane permeability, among other things [85][86].

Membrane-bound carbohydrates are attached to the extracellular surface of the
membrane, covalently bonded to so-called glycoproteins and glycolipids that are
themselves integrated into the lipid bilayer [87]. This outer layer of polysaccha-
rides helps to protect the cell from pathogens [88], regulates cell-cell interactions
and signaling [89][90], and can act as anchor points for adhesion to other cells
or other microorganisms through sugar-binding glycoproteins on the opposing
extracellular surfaces [91].
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Figure 2.4: Schematic view of the lipid bilayer membrane. The hydrophilic heads of mem-
brane lipids are facing the surrounding aqueous solution, while the hydrophobic/lipophilic
tails interact with each other, forming the membrane environment. Hydrophobic domains in
membrane proteins allow them to be integrated into the lipid bilayer. The concentration of
sterols, such as cholesterol, regulates the flexibility and fluidity of the membrane. Glycolipids
contain polysaccharide chains of varying length that reach into the watery solution around
the membrane [57]. Adapted from Alberts et al. [57].

Proteins can be integrated into biological membranes, where they fulfill a wide
range of functions [81]. These membrane proteins can provide structural sup-
port by anchoring to the cytoskeleton and the extracellular matrix [92], act as
receptors that trigger cellular responses when detecting external signals [93],
and are capable of carrying ions and molecules across the membrane barrier [2].
On one hand there are peripheral membrane proteins, which are attached to
the surface of the membrane through covalent or non-covalent bonds [94]. GPI-
achored proteins, for example, are covalently bound to a membrane glycolipid,
and this lipid anchor is then integrated into the fluid-crystalline structure where
it can move around laterally (see Figure 2.5f) [95]. Other peripheral membrane
proteins are covalently bound to a membrane lipid (Figure 2.5e), or contain a
single, lipophilic transmembrane helix (TMH) that reaches into the lipid bilayer,
while the rest of the protein structure remains in aqueous solution outside of
the membrane (Figure 2.5d) [94]. Also, some proteins can, temporarily or per-
manently, bind to the membrane through non-covalent interactions, as is the
case with the enzyme cytochrome c in the mitochondrion [96] or the cytoskele-
tal protein spectrin [97]. Integral membrane proteins, on the other hand, reach
all the way through the membrane. They contain a larger number of outward-
facing hydrophobic residues that allows large parts of the protein to remain
in the hydrophobic membrane environment. These residues are often part of
secondary structures, such as transmembrane helices (TMHs), and more rarely
as transmembrane β-sheets [98]. Amino acid side chains facing the aqueous
solution around the membrane are more hydrophilic, which allows the protein
to maintain its shape and orientation in the membrane [99]. Whereas single-
pass integral membrane proteins only traverse the membrane once (Figure 2.5a),
multiple TMHs (Figure 2.5a) or β-strands (Figure 2.5b) in multi-pass proteins
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Figure 2.5: Different ways in which proteins can be attached to or integrated into the lipid
bilayer membrane. (a) Multi-pass transmembrane helix (TMH) protein. Can contain a cen-
tral pore or binding pocket when the TMHs form a helical bundle structure with each other,
or a complex with another multi-pass TMH protein. (b) Single-pass TMH protein with ex-
tracellular globular domain. (c) Membrane protein with β-barrel super-secondary structure.
(d) Peripheral membrane protein with α-helix. (e) Peripheral protein covalently bonded to
membrane lipid. (f) Membrane protein attached to the lipid bilayer through a GPI anchor.
(g) Heteromeric protein complex of a single-pass integral transmembrane protein, and a pe-
ripheral protein attached to its binding interface. Adapted from Alberts et al. [57].

can form super-secondary structures by interacting with each other inside the
membrane environment [58]. Examples of these are α-helical bundles (see Fig-
ure 2.11a) and β-barrels that form structurally stable pores in the membrane,
and are therefore commonly found in transmembrane transporters [61]. Finally,
membrane proteins can be part of protein complexes, and form heterodimeric or
homodimeric quarternary structures with other integral or peripheral membrane
proteins (Figure 2.5g) [79][100][101][34].

2.1.2.2 Different types of membranes

Both the cell itself and its intracellular compartments are encased by mem-
branes. Some organelles and microorganisms are surrounded by both an outer
and an inner membrane, separated by an inter-membrane space. While all of
these membranes share the same lipid bilayer structure, they differ in their
molecular composition, according to the functions they are responsible for [83]
[102]. While most tasks are carried out by proteins, the lipid composition,
(i.e. the proportional amounts of different phospholipids, glycolipids and sterols)
of a membrane can influence and regulate the activity of integrated and periph-
eral proteins [83][29][57].

The plasma membrane surrounds the cell, and therefore specializes in the selec-
tive exchange of molecules with the extracellular environment, as well as signal
transduction [102]. Furthermore, it serves a structural function, as it contains
proteins that bind to the cytoskeleton, and help the cell maintain its shape [97].

The dual-membrane envelope that surrounds the nucleus in eukaryotes contains
so-called nuclear pore complexes (NPCs) spanning both membranes. NPCs facil-
itate the export of mRNA and other molecules involved in translation (i.e. pro-
tein synthesis) and the import of molecules involved in gene regulation and
transcription, among other tasks [103]. After the mRNA exits the NPCs, it ar-
rives in flattened membrane vesicles referred to as cisterna. They make up the
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endoplasmatic reticulum (ER), which is continuous with the outer membrane of
the nuclear envelope. Ribosomes, i.e. the protein-RNA complexes that translate
mRNA into protein sequences, can attach to the ER membrane through non-
covalent interactions, in which case they are referred to as ER-bound ribosomes
(as opposed to free or cytosolic ribosomes) [104].

Mitochondria in eukaryotic cells are surrounded by two membranes as well.
The outer membrane contains a considerable number of β-barrel porins (see
Section 2.1.3.4) [105], whereas the inner mitochondrial membrane, along with
the inter-membrane space, hold the integral and peripheral membrane proteins
that make up the electron transport chain. Together, they enable the synthesis
of adenosine triphosphate (ATP), a molecule that transfers energy to a wide
range of crucial cellular processes [106][96]. The inner lipid bilayer is folded
in a wave-like fashion, giving it a larger surface area compared to the outer
mitochondrial membrane [107].

The presence of an outer membrane in addition to the regular plasma membrane
is also the main difference that distinguishes gram-negative bacteria, such as E.
coli, from their gram-positive counterparts. Mitochondria (and chloroplasts)
show similarity to gram-negative bacteria in this way, leading to the assump-
tion of an evolutionary relationship, which is referred to as the endosymbiosis
theory [108]. Both are encased by outer membranes lined with β-barrel porins,
which exclusively occur in outer membranes [109], and the inter-membrane
space of either contains membrane proteins and enzymes that interact with ions
and metabolites [110][96][111]. In contrast to the eukaryotic organelles, gram-
negative bacteria are surrounded by a pronounced layer of polysaccharides that
is covalently bound to the outer membrane [112][113]. The inter-membrane
space of the gram-negative bacterial envelope is filled with a third barrier con-
sisting of long chains of sugars and amino acids, a substance that is referred to
as peptidoglycan. The peptidoglycan layer is more pronounced in gram-positive
bacteria, where it serves as a protective barrier for the organism, as it lacks an
outer membrane [114].

2.1.2.3 Membrane transport without integral transport proteins

Membranes are semi-permeable, selective barriers that separate two aqueous
environments by regulating the exchange of molecules between them. Some
molecules can pass through the membrane on their own, driven by concentration
gradients. The highest diffusion rates are observed for non-polar gases such
as oxygen and carbon dioxide. Small and polar molecules like ethanol and
water can pass the membrane barrier through passive diffusion as well, but at
a much lower rate compared to their non-polar counterparts. Molecules that
are comparatively larger than that, as well as ions and small molecules that
carry an electric charge, diffuse across biological membranes either in very small
quantities or not at all [3].

Membrane vesicles are spherical lipid bilayer structures that are used both for in-
tracellular transport of molecules, as well as for their import and export through
biological membranes. Vesicles are pinched off from one membrane, and can then
merge with another membrane, in order to release their contents. The export
of cellular (waste) products out of the cell through membrane vesicles is called
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exocytosis [57]. Endocytosis, on the other hand, is divided into two categories:
Phagocytosis allows a cell to engulf large particles, whereas pinocytosis takes
in fluids and certain macromolecules [115]. Vesicles created by endocytosis are
mainly transported to the endosome, an intracellular compartment where the
molecules are sorted, and then metabolized or secreted again [116]. Another
purpose of this system is to change the molecular composition of the membrane
according to the current needs of the cell; large fractions of the cell membrane
go through a continuous cycle of endocytosis and exocytosis [116]. For example,
the presence of insulin at the corresponding receptor protein triggers the ex-
ocytosis of membrane vesicles containing transmembrane glucose transporters,
which in turn increases the glucose uptake into the cell [117]. Protein activity
and protein complex formation can be regulated through changes in membrane
lipid composition [83]. Generally, the endo- and exocytosis system is capable
of transporting molecules and particles across the membrane that cannot easily
pass this barrier through either passive diffusion or transmembrane transport
proteins [3]. This process is mainly found in eukaryotes [57].

2.1.3 Transmembrane transport proteins

The remaining molecules are transported through the membrane barrier us-
ing integral transmembrane proteins, which will be discussed in the following
section.

Transport mechanisms of membrane transport proteins can roughly be catego-
rized into five classes according to the transporter classification system [118]:
Primary active transporters, carrier proteins, channels and pores, group translo-
cators, and electron transporters.

The 3D structures of transmembrane transport proteins can be roughly catego-
rized into two groups: those that form a pore or binding pocket in the membrane
using a bundle of transmembrane helices (TMHs), and barrel-shaped pores made
up of β-strands (see Figures 2.5a and 2.5c, respectively). Some transporters act
on their own, some form homomers or heteromers in the membrane, and some
are part of larger complexes that can contain non-transporter proteins, such as
enzymes [119][28][57].

2.1.3.1 Primary active transporters

Primary active transport moves molecules across cellular membranes against a
their concentration gradient, using a primary energy source. In most cases, the
energy stems from the hydrolysis of adenosine tri-phosphate (ATP) to adeno-
sine di-phosphate (ADP). Turning ADP into ATP by adding a phosphate allows
the cell to store high amounts of energy in the molecule, with the goal of de-
livering that energy to a place in the cell where it is needed, where it is then
released again by hydrolyzing ATP back to ADP (akin to a rechargeable bat-
tery) [57]. There are primary active transporter families that use other direct
energy sources, such as light absorption [120] or redox reactions [121].

One prominent family of primary active transporters that is found across all
kingdoms of life is that of the ATP-binding cassette (ABC) complexes [122].
There are dozens of ABC transporter sub-families for carrying a wide variety of
molecules, including ions, small organic compounds, peptides, polysaccharides
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and xenobiotics [119]. ABC complexes are always made up of two α-helical bun-
dle transmembrane domains (TMD) that bind the substrate, and two nucleotide
binding domains (NBD) that interact with ATP. Sub-families can contain ad-
ditional domains [34]. After successful binding of both ATP and the substrate
to their respective domains, the hydrolysis reaction of ATP to ADP leads to a
conformational change in the protein structure, which opens the binding pocket
on the other side of the membrane and allows the substrate to be released [123].
The exact sequence of events can differ depending on the sub-family [34]. In
prokaryotes, the four canonical domains of ABC transporters are typically made
up of four separate proteins, and both importers and exporters are commonly
found. In eukaryotes, on the other hand, the four domains are present either in
one long protein sequence, or the complex is a heterodimer or homodimer where
each protein contains two domains, and is referred to as an ABC half-transporter
[122][124].

ABC transport complexes can be classified into seven groups according to their
structures, substrates, and mechanisms [125][34].

Types I-III are prokaryotic importers. Type I complexes mainly import sugars,
amino acids, and peptides, while types II-III pump micro-nutrients into the cell,
such as folate or cobalamin (Vitamins B9 and B12, respectively). Transporters
of Type I and II employ extracellular or, in case of gram-negative bacteria,
periplasmic substrate binding proteins (SBPs), which bind to the transported
molecule first. Extracellular SBPs are more likely to be permanently attached to
the protein complex, while periplasmic SBPs typically float freely in surrounding
aqueous environment, and bind temporarily. Some SBPs can bind multiple
different substrates, and some ABC transporters are compatible with more than
one SBP, meaning that substrate selection for this type of transport mechanism
is, at least in part, carried out by proteins that are not integrated into the
membrane [126][125]. Type II ABC transporters do not possess special binding
pockets internally, instead their interior is lined with hydrophobic residues that
act like a smooth and slippery surface [127]. On the other hand, their SBPs
tend to show a higher substrate specificity compared to those of Type I ABC
complexes [125][34].

An example for a Type I ABC complex is the MalFGK2 transporter in the inner
membrane of E. coli (see Figure 2.6). It is made up of two copies of MalK that
provide the NBD domains, while MalF and MalG are the two TMDs, and MBP
acts as the substrate binding protein (SBP). MBP travels freely in the periplasm,
where it binds to the substrate, and subsequently docks to the complex. Next,
the binding of ATP to the NBDs leads to a conformational change that transfers
the molecule into the binding pocket and removes the SBP from the complex.
Inside the cavity, the MalF protein forms a binding pocket for maltose, where
the residues of Asp437, Asp440, Asp376, Ser329 and Tyr325 are situated in the
correct positions to form hydrogen bonds with oxygens and hydroxyl groups in
the bound molecule. Finally, after ATP hydrolysis takes place in the NBDs,
the transmembrane complex opens the other side, where the substrate can be
released into the cell [128][34].

Energy-coupling factor (ECF) transporters, also referred to as Type III ABC
transporters, do not employ external SBPs for substrate binding. Instead, one
of their two TMD domains, called the S-component, is solely responsible for
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Figure 2.6: The 3D structure of the maltose-importing ABC complex MalFGK2 from E.
coli, with maltose and two ATP molecules located in their respective binding pockets. The
complex contains two identical NBDs in the cytoplasm (MalK), two different TMDs made
up from TMHs (MalG, MalF), one of which reaches into the periplasm, where it helps in
temporarily connecting to the substrate binding protein MBP. Structure from Oldham et al.
[128] and rendered with Mol* [129] (PDB 2R6G), inspired by Figure 2 from Thomas and
Tampé [34].

binding the substrate. The S-component is always made up of six TMHs and
shows high structural conservation, while the fold of the other TMD is more
variable. The two TMDs found in ECF complexes are often structurally dis-
similar, which is unusual for ABC transporters. Both TMDs show low levels of
sequence conservation [130]. As in type I and type II complexes, the binding
of ATP to the NBDs opens the binding pocket towards the extracellular en-
vironment [131]. The transported substrate of an ECF complex can typically
be inferred from its S-component, as they tend to be specific towards a certain
substrate (e.g. BioY for Biotin, CbiM for Cobalt etc., see Table 1 in Rempel
et al. [132] for all known S-components) [132].

Types IV and V occur in both prokaryotes and eukaryotes. Most complexes
of these types are exporters, although there are some exceptions. They are ca-
pable of carrying a very wide range of substrates, including xenobiotics, lipids,
peptides, ions, hormones and cholesterol [34]. Many ABC complexes that be-
long to these two types are multi-drug resistance (MDR) transporters, meaning
they carry various drugs and xenobiotics, and are implicated both in antibi-
otic resistance by pathogenic microorganisms, and in drug resistance of can-
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Figure 2.7: The human multi-drug resistance protein ABCB1 (MDR1, P-glycoprotein), with
the cancer drug Taxol bound to its large cavity, and ATP bound to one of the NBDs. ABCB1
is a Typ IV ABC complex, and a drug efflux pump involved in the resistance of cancer cells to
pharmacotherapy [133]. The entire protein is encoded in one continuous amino acid sequence,
and was colored according to secondary structures (helix = red/purple, β-sheet = yellow).
The dotted line in the middle represents a linker sequence of around 60 amino acids that
shows little to no secondary structure formation [134]. Source: Kurre et al. [32] (PDB:9CTF),
rendered with Mol* [129]

cer cells during chemotherapy [135]. The three most prominent ABC drug
exporters in human cells are multidrug-resistance-associated protein 1 MRP1
(ABCC1), P-glycoprotein (MDR1, Pgp, ABCB1), and breast cancer resistance
protein (BCRP, ABCG2) [34][133]. Substrates of MDR transporters tend to
be lipophilic. In some cases, the drug compounds are already located inside
the membrane environment, where they can then enter the binding pocket of
the transport complex laterally, through membrane-facing gates. The drug can
then be exported, or it is flopped [136]. A floppase is a protein complex that
“flops” a lipophilic molecule, such as a drug, from the inner layer to the outer
layer of the (bi-layer) membrane, while a flippase does the same thing in the
reverse direction [133]. While ABC complexes that act as MDR efflux pumps
can carry a wide range of substrates, they are still selective, and only carry a
small subset of the molecules that are present in the surrounding environment.
ABCB1, for example, contains at least four drug binding pockets/sites that are
located in one large cavity formed by the TMDs, where residues from all twelve
TMHs can be involved in substrate interactions (see Figure 2.7) Kurre et al.
[32]. This, together with the fact that the complex can recognize small differ-
ences between molecules during its selection process, makes the identification of
possible substrates, modulators and inhibitors of ABCB1 a challenging task for
researchers [30][133]. Some MDR transporters, as well as structurally related
and homologous ABC complexes like MsbA from E. coli, are also involved in
the flipping and flopping of membrane lipids, from one layer of the membrane to
the other [137][138]. While large cavities, like the one found in P-gylcoprotein ,
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Figure 2.8: The structure of the MacAB–TolC tripartite multidrug efflux pump. MacB is
a member of the ABC transporter complex family. It takes up drugs and xenobiotics in
the periplasm, and pumps them out of the cell through the MacA and TolC complexes. The
mechanical motion that is generated by the binding of ATP to the intracellular NBDs is trans-
ferred to MacA, causing it to close, and pump out the substrate, similarly to a bellows. ATP
hydrolysis then reverts the movement [140]. Structure by Fitzpatrick et al. [141] (PDB:5NIK,
rendered with Mol* [129]).

are typical for type IV ABC complexes, the pores of type V ABC transporters
more closely resemble channels or slits. However, unlike regular ion channels
(as discussed later in Section 2.1.3.5), they are typically hydrophobic on the in-
side, are capable of multi-drug recognition, and can take up substrates laterally
from the membrane lipid environment [34]. Interestingly, the slit-like pore of
Type V ABC complex ABCG2 (BCRP) leads to a preference for flat, polycyclic
and hydrophobic compounds. The chemical properties of residues that line this
opening, and the lipophilic environment around this opening that molecules of-
ten have to enter before being transported, also contribute substrate selection
[139][80].

Types VI and VII again only occur in prokaryotes, and encompass extractors and
mechanotransmitters, respectively [34]. Extractors, such as LptB2FG, remove
lipopolysaccharides (LPS) from the membrane they are in, meaning they do not
actually transport a substrate from one side to the other. Instead, LptB2FG is
part of a larger protein complex that removes LPS from the inner membrane
of gram-negative bacteria, transports them through the periplasm, and inserts
them into the outer membrane [113]. An example for a mechanotransmitter is
the MacB protein from E. coli. Again, this protein does not transport substrates
through the inner membrane, where it is integrated. Rather, it is part of the
MacAB–TolC tripartite multidrug efflux pump, which takes up drugs and xeno-
biotics from the periplasm, and pumps them through the outer membrane. This
structure is made up of three parts (see Figure 2.8). MacB is a dimeric complex
and is integrated into the inner membrane. It contains two intracellular NBDs
that interact with ATP. In the periplasm, this structure is attached to six copies
of MacA that are symmetrically arranged into a barrel-like structure, where each
protein contributes two neighboring α-helices, as well as a tail of β-strands and
loops, to the hexamer. This, in turn, connects to three copies of TolC that
form a β-barrel, where each protein provides four neighboring β-strands, plus
multiple α-helices that are attached to each strand [141]. The TMD of MacB
lacks a binding pocket for substrates. Analysis of the 3D structure led to the
conclusion that a change of the protein structure due to ATP hydrolysis carried
out by the intracellular NBDs transfers mechanical movement through the in-
ner membrane, leading in turn to conformational changes in the structure of the
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Figure 2.9: Schematic mechanism of a rotary ATPase that pumps protons against their
electrochemical gradient, as described in Section 2.1.3.1. The enzyme complex (red) turns
energy from ATP hydrolysis into mechanical motion of the stalk (blue), which reaches into
the ATP hydrolysis domain (the overlap is colored in dark red), and is connected to a rotating
barrel made up of transmembrane helices (purple). An additional integral membrane domain
(yellow) is attached to the enzyme complex, and contains two half-channels that load protons
into the negatively charged binding sites, and removes them again after the substrate has
traveled around the circle, with a conserved arginine residue. Adapted from Zubareva et al.
[144]

.

connected MacA complex. The substrate likely enters the complex through an
opening on the periplasmic side of MacB, where it then passes a gating ring of
six glutamines in MacA that might prevent backflow [141]. Binding ATP then
connects the two NBDs to each other, and passes that movement on to MacA,
which pushes the substrate out of the complex, similarly to a bellows. ATP
hydrolysis then opens the complex for the next substrate [140].

Genes of ABC proteins and complexes in human, and in select mammals, are
classified into seven subfamilies ABCA-ABCG. ABCE and ABCF do not act
as transmembrane transporters, as they lack the TMDs. The classification was
originally based solely on sequence similarity [142], but now also considers sub-
strates and domain architecture (i.e. whether the class contains full- and/or
half-transporters) [143]. A list of all human ABC transporters with their sub-
strates and tissue distributions was compiled by Alam and Locher [143].

Another large and well-known family of primary active transporters are the
rotary ATPase transport complexes. They are found across all forms of life, and
are capable of pumping protons or sodium ions through biological membranes.
The rotary ATPases are protein nanomachines that use a rotary motor to enable
their transport function. This mechanical motion is fueled by energy from ATP
hydrolysis [145]. Each rotary ATPase complex is divided into four main parts
(see Figure 2.9). The first building block is a rotating barrel-like structure
made from TMHs that is integrated into in the membrane. This transmembrane
domain contains multiple ion binding sites on its membrane-lipid-facing outside,
where carbonyl groups from conserved acidic amino acids (Asp or Glu, see
Figure A.1) bind to each cation [144]. Next, there is a large complex located
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outside of the membrane that essentially acts as the “engine”; it converts the
chemical energy from ATP hydrolysis into a rotating motion. The engine and
the rotating barrel are connected by a third protein complex that represents the
“drive shaft”. This peripheral structure reaches into the ATP hydrolysis domain
and transfers the mechanical motion to the rotary TMH domain, to which it
is connected. Finally, there is a second, smaller transmembrane domain that
does not rotate, and is attached to the ATP-binding structure. This domain
contains an opening that loads a cation into one of the binding pockets located
on the rotary structure. The barrel then completes almost one full rotation
with the cation in the binding site, until it reaches the second opening, which
faces the other side of the membrane. These two half-channels are separated
by a highly conserved (positively charged) arginine residue, which prevents the
cation from remaining in the pocket [144]. Substrate specificity between proton
and sodium pumps may be determined by the ratio of polar and hydrophobic
residues around the interacting Asp or Glu, as well as subtle differences in
structural conformation [146]. The exact protein composition and shape of the
complex varies between different rotary ATPases, they are subdivided into F-, A-
and V-type ATPases [144]. Some members of the F- and A-type rotary ATPase
subfamilies can (or always do) “run in reverse”, meaning they use a proton or
sodium gradient to turn ADP and phosphate back into ATP, in which case they
are referred to as ATP synthases. As mentioned previously, the production of
ATP is vital for powering many essential processes in the cell [144]. The A-type
sub-family of ATPases/synthases, as well as those ATP synthases that rely on
a sodium gradient, are found exclusively in prokaryotes [144].

In contrast to the aforementioned rotary ATPases, the P-type ATPase com-
plexes transport a wider range of cations, either in one direction, or in both
directions simultaneously. Their transport mechanism is a cycle of substrate
binding in the transmembrane domain, followed by autophosphorylation after
ATP hydrolysis, a subsequent conformational change leading to substrate release
on the other side, and finally dephosphorylation [150][151]. These transport
complexes can be made up of individual proteins [152], or of a single, continu-
ous amino acid sequence [153]. While most of these primary active transport
mechanisms are found across all forms of life, and while the essential residues
and motifs are often heavily conserved across evolution, the actual substrate
specificity tends to rely on substrate binding motifs or pockets, where the bind-
ing is dependent on a small number of solvent-accessible residues. For example,
the P-type ATPase CtrA3 that transport copper ions across the membrane of
the bacterium Aquifex aeolius employs metal binding domains (MDB) consist-
ing of two cysteines, or one cysteine and one histidine [154]. On the other
hand, the ion binding sites found in P-type sodium-potassium pumps contain
the polar and uncharged residues Ser, Thr, Asn and Gln in the sodium binding
pocket, while the potassium binding is carried out by acidic side chains in the
form of Asp and Glu (see Figure 2.10) [149]. Sodium-potassium pumps follow
the alternating access model, meaning that only one binding pocket is acces-
sible at a given time, pumping sodium out of the cell, and potassium into the
cell Shinoda et al. [148]. The complex either binds three sodium ions in the
first conformational state E1, or two potassium ions in its second conformation
E2 [149]. A charge selectivity ring of acidic residues prevents anions from en-
tering the binding pocket [155]. Rui et al. [149] suggest that the pump has a
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Figure 2.10: The structure of the P-type ATPase sodium-potassium pump from Sus scrofa
(wild boar). Subunits α and β are encoded by the genes ATP1A1 and ATP1B1, respectively.
The protein FXYD2 acts as a regulator for the complex. The structure, which stems from
Kanai et al. [147] (PDB:3WGV, created with Mol* [129]), is pictured in the E1P state, while
three sodium ions are located in the binding pocket, ATP hydrolysis has taken place, and
ADP is bound to the complex (not shown). The binding pocket of that complex is displayed
on the top right, along with residues from interacting amino acids (see Figure A.1). On the
bottom right, the same binding pocket is shown in the E2 conformation (structure by Shinoda
et al. [148], PDB:2ZXE), with two potassium ions bound to the residues that are now present
in the cavity, and Pi still bound to the phosphorylation site. The pictures of binding pockets
were adapted from Rui et al. [149].

self-correcting mechanism, involving small structural changes, that pauses the
transport if potassium ions enter the E1 sodium binding site, or sodium the E2
binding pocket, until the wrong cation is removed.

2.1.3.2 Carrier proteins

Many transmembrane transport proteins do not interact with energy carriers
like ATP directly, but instead use the existing electrochemical potential of their
substrates across the membrane to carry out their functions [156]. An electro-
chemical gradient is the result of an unequal distribution of electrical charges,
and/or a difference in substrate concentrations, between the two environments
that are separated by the membrane. This difference can be used as a source
of energy for the transport of molecules, since both the charges and the con-
centrations are striving towards an equilibrium, due to the natural tendency
of systems to minimize energy differences and maximize entropy [157]. Trans-
porters with these types of mechanisms carry a broad range of molecules across
biological membranes, including ions, sugars, amino acids and numerous drugs
[158][159].

There are three types of transport systems that are driven by electrochemical
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potentials. Uniporters carry one substrate in a single direction across the mem-
brane, whereas symporters carry two molecules simultaneously, and antiporters
transport their two substrates in opposing directions in an alternating fashion
[156]. Symporters and antiporters use electrochemical gradients of ions to carry
an additional substrate across the membrane, often against its concentration
gradient. These differences in ion concentration are, in turn, often created by
primary active ion transporters that pump the ions into or out of the cell, using
energy from ATP hydrolysis. Examples include the rotary ATPases or sodium-
potassium pumps discussed in the previous section, which use energy from ATP
to create and maintain proton- and sodium/potassium gradients, respectively
[157]. Uniporters, on the other hand, rely solely on conformational changes in-
duced by substrate binding, substrate release, and sometimes lipid interactions
to facilitate the transport [159][29]. This is why symporters and antiporters are
classified as secondary active transporters, while uniporters carry out a form of
passive transport [118][158]. Both symporters and uniporters return to their
initial state after releasing their substrates on the other side of the membrane,
while antiporters first need to transport their other substrate into the opposite
direction [156].

The carrier-mediated transport reaction is driven by a catalytic process that is
started by interactions with the substrate(s). Changes in binding energy be-
tween the molecule and residues in the binding pocket help the protein in over-
coming an activation barrier, which leads to a series of conformational changes
that ultimately cause the protein to open on the other side of the membrane and
allow the substrate or substrates to be released [160][161]. This also means that
the physicochemical properties and spatial orientations of amino acid residues
inside a binding pocket are often highly specific for each transported substrate,
since achieving the optimal binding energy with the transported molecule is a
prerequisite for overcoming this energy barrier [162][163][160].

Interestingly, many carrier protein families actually show a relatively low se-
quence similarity to each other, but still form structurally conserved folds that
carry out similar transport mechanisms [29]. In total, there is a small number
of protein folds that a large percentage of carriers can be assigned to, the most
common ones being the fold shared between members of the Major Facilitator
Superfamily (MFS fold), the LeuT-like fold, plus several more folds that are less
commonly observed, including those of orphan transporters where no protein
with a similar fold is known [162][159][164][165]. Each fold type is made up of
multiple structural repeats, mostly in the form of transmembrane helices con-
nected by non-helical regions, that assemble into similarly shaped 3D structures
[162]. However, the small number of interacting residues located in and around
the binding pocket(s), as well as residues involved in the transport mechanism,
often show conservation across proteins that transport a particular substrate,
or set of substrates [162][164][161].

One of the most extensively studied MFS carrier families is that of the GLUT
sugar transporters in the membranes of eukaryotic cells, which are encoded by
the solute carrier gene family SLC2. They mainly transport sugars into the cell
using a uniport carrier mechanism, mostly hexoses such as glucose. Up until
now, 14 GLUT family members have been found throughout the human body,
which differ in their tissue distribution, substrate specificity, and transport rate
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Figure 2.11: (a) 3D structure of the human GLUT3 uniporter in its outward-occluded con-
formation, with D-glucose located in the binding pocket. The protein structure is an example
of the MFS fold, consisting of two α-helical bundles made up of six TMHs each (TMs 1-6 and
7-12) that form a binding pocket in the middle, separated by a number of intracellular helices
(ICHs). Structure is from Deng et al. [166] (PDB:4ZW9), and was rendered with Mol* [129].
(b) View of the binding pocket, when looking at Bundle B from the perspective of Bundle A.
The residues from various helices are positioned strategically to form hydrogen bonds with
atoms in the substrate. Picture of binding pocket adapted from Deng et al. [166].

[167][168][29]. GLUT is one of three families of glucose transporters found in hu-
man cell membranes, together with the mammalian sodium-glucose symporter
family SGLT, and the SWEET family of sugar exporters found in animals and
plants [168][28]. As is typical for proteins that belong to the major facilita-
tor superfamily (MFS), the GLUT transporters are made up of twelve TMHs.
The helices are arranged into one N-terminal and one C-terminal helical bun-
dle made up of six TMHs each, connected by a cytoplasmic domain that can
contain intracellular helices (ICH) (see Figure 2.11a). The substrate binding
pocket is located between the two bundles [169]. The GLUT family members
use a transport mechanism that fits the previously discussed alternating access
model, called the rocker-switch mechanism, where the two helical bundles rotate
around the binding pocket, in order to transition between an outward-open and
an inward-open conformation, with multiple steps in between [28].

The 14 proteins can be clustered into three groups, based on sequence similar-
ity [167][168]. One of these sequence clusters is made up of GLUT1-GLUT4
[167]. While the pairwise sequence identity scores of the four transporters lie
between 52.04% and 65.45% (see Figure A.2), the physicochemical properties
of the amino acids, such as size, hydrophobicity and helix propensity are of-
ten conserved (see Figure A.3). This sequence similarity, together with similar
sequence lengths of around 500 amino acids, leads to four proteins with simi-
larly shaped 3D structures that all match the MFS fold [168][29]. The sugar
binding site is a cavity located inside the membrane that is lined with highly
conserved residues, stemming from multiple THMs and loops. Their positions
and chemical properties allow them to precisely form non-covalent bonds with
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Figure 2.12: (a) Similarities between the sugar binding pockets of the human glucose trans-
porter GLUT3 (PDB:4ZW9 [166]), the STP10 protein from the plant A. thaliana that also
shows high substrate specificity towards glucose (PDB:6H7D [170]), the PfHT1 transporter
from the malaria parasite P. falciparum that can carry several different sugars including D-
glucose (PDB:6RW3 [171]), and the proton-xylose symporter XylE from E. coli (PDB:4GBZ
[172]), for which glucose acts as an inhibitor. In GLUT3, an alanine from helix TM8 is re-
placed by a glutamic acid. While the structural conservation of the fold and binding pocket
is high between the four proteins, they differ in their substrate selectivity, and also show a
relatively low sequence identity to each other. Figure adapted from Drew et al. [29]. (b) The
rocker-switch mechanism, as observed in the GLUT transporters and homologues. Here, the
structure and mechanism of the human D-fructose transporter GLUT5 is shown, other family
members and homologues show high structural similarity. Adapted from Nomura et al. [173]
and Drew et al. [29].

the substrate (see Figure 2.11b), which leads to a high specificity that can ex-
clude similarly shaped molecules, and even stereoisomers of the substrates [29].

These residues are not just conserved between GLUT1-4, but can also be found
in homologues with much lower sequence identity from more distantly related
organisms, including STP10 from A. thaliana, XylE from E. coli, Pf HT1 from
the malaria parasite P. falciparum, or glcP from the gram-positive S. epider-
midis. Despite the fact that the pairwise sequence identity between GLUT1-4
and these homologues is even lower, ranging from 24.53% to 30.91% (see Fig-
ure A.2), they still form very similar folds and binding pockets, with highly
conserved binding sites (see Figure 2.12a) [173][29]. Interestingly, the exact
substrate specificity varies between the homologous proteins. Whereas GLUT3
and STP10 both show a very strong preference towards D-glucose, the malaria
protein Pf HT1 is capable of transporting a wider range of sugars that includes
D-glucose, D-fructose and D-xylose. Furthermore, the D-glucose molecule even
acts as an inhibitor for the E. coli protein XylE, which regularly transports the
pentose sugar xylose as a proton-driven symporter [29]. It can therefore be said
that the presence of this sugar binding pocket, with its conserved binding sites
(see Figure A.3), can be used to classify a carrier protein as a sugar transporter
that is related to the human GLUT family, while the specific set of substrate(s)
that it carries might be determined by other factors. A likely candidate for this
fine-tuning of the binding pocket is the transmembrane helix TM7, which is
split into two parts TM7a and TM7b by a hinge-like motif. The movement of
the substrate gating helix TM7b is important for guiding the correct molecule
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into the binding pocket, and for subsequently “closing the door”, and carrying
out the rocker-switch transport mechanism (see Figure 2.12b). Recent studies
suggest that small evolutionary changes to TM7b composition are capable of
adjusting the sugar selection for the different GLUT-related proteins [29].

Another set of highly conserved residues is related to the transport mecha-
nism. The 3D structures of MFS transporters are typically held in their cur-
rent structural conformation (i.e. outward-facing, outward-occluded, inward-
occluded, inward-open, see Figure 2.12b) through salt bridges that form or
break, in order to move from one conformational state to the next, which is usu-
ally initiated by interactions with the substrate(s) [28]. In GLUT transporters,
there is a network of salt bridges between residues located in the ICHs and at
the intracellular ends of THMs (see Figure 2.11a), which hold the protein in the
outward-facing orientation [29]. These conserved residues (four arginines and
four glutamic acids), together with an additional ICH that is unique to sugar
carriers, have previously been used to classify MFS members as sugar trans-
porters from their amino acid sequence before the structure was known, and
are therefore called the sugar porter motif [174]. Binding of the substrate from
the outside leads to a series of conformational changes that ultimately break
those salt bridge bonds, leading to the inward-open state where the substrate
can escape on the other side. Finally, the empty binding pocket then causes the
protein to spontaneously fold back to the outward-facing conformation, which
is helped by the energy from the re-formation of the salt bridges, and by inter-
actions of TMHs with surrounding membrane lipids [29]. This transition has
a very low energy barrier, which explains how uniporters can transport small
molecules without relying on external energy sources, such as ion gradients or
ATP hydrolysis [29].

Finally, some MFS transporters also contribute to multi-drug resistance (MDR)
in bacteria, for example MdfA and EmrD from E. coli [175][31][30]. Most
MFS-fold MDR pumps are driven by proton-driven antiport [161]. Similarly
to the previously discussed ABC complexes that act as MDR pumps (see Sec-
tion 2.1.3.1), they can also take up substrates from the membrane environment,
and their 3D structures contain several binding sites in one large, hydrophobic
cavity, allowing them to selectively export a multitude of xenobiotics, antibi-
otics and other substrates [30]. The structure of EmrD has been experimentally
resolved, and suggests that the substrate specificity is not just determined by
inward-facing residues from central TMHs, but also by two loops that reach into
the cytosol-facing layer of membrane lipids, where they help with the recognition
and binding of lipophilic substrates [31].

The second-most common 3D structure shared by carrier proteins is the LeuT-
like fold, named after a bacterial symporter that uses a sodium gradient to
carry small hydrophobic amino acids, such as leucine and alanine, across the
membrane of the gram-negative A. aeolicus (see Figure 2.13a) [28][176]. It is
part of the amino acid polyamine organo-cation (APC) superfamily of carrier
proteins, which includes cation-driven symporters for various solutes, e.g. five
families of human amino acid transporters, the aforementioned SGLT sugar-
sodium symporters, as well as a family of anion exchangers [177][178]. APC
is the second-largest carrier superfamily after MFS, and is, by its current def-
inition, made up of 18 families [177]. The typical LeuT-like fold is made up
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Figure 2.13: (a) Crystal structure of the symporter LeuT that carries small hydrophobic
amino acids, along with two sodium ions, across the inner membrane of A. aeolicus (PDB:2A65
[180], rendered with Mol* [129]). The transporter is pictured in its occluded conformation,
with all substrates located at their binding sites. The structure is split into two parts: the
flexible core domain is colored in green and orange, while the sturdy and tightly packed
scaffold domain is blue, matching the colors in the top-right panel. The two left-most helices
in the picture (TM9 and TM12) form a binding interface that can connect to a second copy of
LeuT, in order to create a homodimeric complex. (b) The rocking bundle mechanism, which
is commonly observed among carrier proteins with LeuT-like folds. The corresponding amino
acid polyamine organo-cation (APC) superfamily is the second-largest after the previously
mentioned major facilitator superfamily (MFS) [177]. The presence of all three substrates in
the binding pocket allows the extracellular gate to close, leading to conformational changes
in the flexible core domain that ultimately releases the substrates into the cytosol [28]. The
colors of helices and substrates match those in the left panel. Figure adapted from Drew and
Boudker [28]. (c) The 5+5+2 LeuT-like fold, as found in the amino acid symporter LeuT from
A. aeolicus, where it was first discovered [181]. The structural repeats, which form the binding
pocket in their middle from partially unwound helices, are shown as triangles. Adapted from
Penmatsa and Gouaux [181].

of two structurally inverted repeats containing five TMHs each, plus two addi-
tional C-terminal TMHs that help in holding the protein together (see Figure
2.13c) [164][28]. This fold is referred to as the 5+5+2 TMH topology [177].
Other TMH arrangements, such as 5+5+4 or 7+7, exist as well among APC
superfamily members [177], and were shown to be homologous to the 5+5+2
LeuT-like fold [179].

The LeuT protein itself is divided into two structural repeats, encompassing
TMHs 1-5 and 6-10, respectively. Helices 1 and 6 are connected to each other
in the center of the structure, where they are partially unwound in the middle,
forming a flexible binding pocket for its three substrates (two sodium ions and
one L-leucine). The two TMHs 9 and 12 form a binding interface that con-
nects LeuT to a copy of itself, as these proteins typically occur as homodimers
(see Figure 2.13a,c) [180]. Interestingly, while the two structural repeats are so
similar to each other that they can be superposed on top of each other with a
root mean square deviation (RMSD) of only 5.3 Å, their sequence similarity is
so low that the symmetry was only detected when the 3D structure was solved
[180]. This is also the case for LeuT-fold proteins in general, which, similarly
to the MFS proteins, are highly divergent in their amino acid sequences, while
showing conservation in places related to the mechanism or substrate binding
[182]. Residues in cation binding sites of secondary active transporters with
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a LeuT-like fold are conserved [28], and structural superposition of multiple
APC sodium symporters showed similarly shaped substrate binding pockets
[183][184][185]. Chemical differences between substrate molecules of two ho-
mologous LeuT transporters are reflected by evolutionary changes in binding
pocket amino acid residues [181][182]. LeuT/APC proteins employ a transport
mechanism similar to the rocker-switch model used by MFS carriers, called
the rocking-bundle mechanism. A core domain, consisting of flexible, partially
unwound TMHs, is responsible for transitioning between inward- and outward-
facing states, while the remaining TMHs form a scaffold domain that provides
rigidity to the structure (Figure 2.13a) [28].

2.1.3.3 Channels and Pores: Overview

The third major category of transmembrane transport proteins encompasses
channels and pores [118]. Most protein families of this type utilize energy-
independent passive transport to carry their substrates [57].

In this section, we will use the term channel for passive α-helical bundle trans-
porters of ions (ion channels), and for certain families of water channels that
are closely related to ion channels in terms of structure and mechanism (aqua-
porins). On the other hand, proteins that are referred to as pores or porins
are outer-membrane pore (OMP) transporters that possess the β-barrel fold,
a type of super-secondary structure made up of β-sheets that is found almost
exclusively among OMPs (Figure 2.5c). This distinction is in line with the
TCDB classification system for membrane proteins (1.A.X for channels, 1.B.X
for pores) [118]. Porins are found in the outer membranes of gram-negative bac-
teria, as well as in the outer membranes of eukaryotic cellular components that
have an evolutionary relation to ancient bacterial species, such as mitochondria
and chloroplasts [109][186]. Pores can be more or less selective towards their
substrate, and are, overall, capable of carrying a much wider range of molecules
than the α-helical ion channels [57].

Whereas α-helical bundles can form many different folds, such as the MFS and
LeuT folds discussed in Section 2.1.3.2 or the four domains found in every ABC
transporter (Section 2.1.3.1), all β-barrels share a similar cylindrical architec-
ture, where the average diameter of the pore is determined by the number of
included β-strands [57]. The sequence regions between the β-strands can form
domains that reach into the pore, and help with substrate selection [187]. As
observed in transmembrane structures made up of helices, the outward-facing
amino acid residues found in pores are more likely to be hydrophobic, while the
inward-facing side chains are more hydrophilic, which allows water molecules
to line the inside, while the outside of the structure can be integrated into the
hydrophobic membrane environment [57]. The barrels are often made up of a
single peptide chain that forms alternating, anti-parallel β-strands (Figure 2.3)
[109][188].

Channels and pores both possess a variety of different gating mechanisms that
can open or close the protein for substrates, or influence the flow rate in some
way. This includes voltage-gated channels that are regulated by the membrane
potential, ligand-gated channel proteins that open or close based on the presence
and binding of a specific molecule to the protein, and many more, including



32 CHAPTER 2. BACKGROUND

Figure 2.14: Three β-barrel porins, of varying sizes. The structures are colored by sequence
position, ranging from red on the N-terminal start, to beige and then blue. All structures
were rendered with Mol* [129]. (a) β-barrel domain of the OmpA protein, found in the outer
membrane of E. coli (PDB: 1BxW [191]). (b) The human voltage-dependent anion channel
VDAC1 in the outer mitochondrial membrane (PDB: 2JK4 [192]). In contrast to the other
two proteins, the outside represents the cytoplasm, and the other side is the intermembrane
space (IMS) of the cellular component. (c) Crystal structure of the ligand-gated siderophore
transporter FepA from the outer membrane of E. coli (PDB: 1FEP [193]).

lipid gating, light gating, temperature gating, and mechano-sensitive gating
[57][189][190].

2.1.3.4 β-Barrel Porins

The transmembrane domain of OmpA (short for Outer membrane protein A) in
E. coli is an example of a small β-barrel pore (Figure 2.14a). It is only made
up of eight β-strands, and is gated by a single salt bridge that crosses its center
[191]. Binding the two interacting residues (Glu52 and Arg138) to alternative
interaction partners in their vicinity (Lys82 and Glu128) opens the pore [194],
which allows both ions and small, water-soluble molecules to enter or exit the
space between the inner and outer membrane of E. coli at a relatively slow
rate [195][196]. On the other hand, it is also the third-most abundant protein
in the entire proteome, when measuring the protein synthesis rates [197]. The
substrate specificity of the pore might be determined by the polar side chains
that line the inside, by its quarternary structure, and by its diameter [194]. The
periplasmic domain of OmpA (not pictured) is assumed to bind non-covalently
to the peptidoglycan layer [198].

The Ferrienterobactin receptor (FepA) protein from E. coli, on the other hand,
is an example of a large pore, as its β-barrel structure is made up of 22 β-strands
(see Figure 2.14c) [193]. FepA is responsible for importing siderophores. These
small organic molecules are released into the extracellular environment by E.
coli, where they selectively bind to iron ions, and are subsequently imported
back into the cell to release their bound iron and maintain iron homeostasis
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[199]. In contrast to the small OmpA pore, this protein, in addition to its pore-
forming transmembrane domain, also contains an N-terminal globular domain,
which is located inside of the opening created by the large pore [193]. FepA is
ligand-gated; the transport requires the presence of a small protein called TonB,
as well as conformational changes caused by the substrate itself [200][201]. Ex-
tracellular, elongated loops between the pore-forming β-strands also play a role
in the transport mechanism. Two Arginines at sequence positions Arg286 and
Arg316, located in the fifth extracellular loop of the transmembrane domain,
have been found to contribute to substrate specificity, by binding to the trans-
ported substrate [199][202]. Recent studies suggest that after binding of TonB
and a siderophore molecule, a conformational change takes place that causes
the central globular domain to exit the pore into the periplasm, where it sub-
sequently releases the substrate (“ball-and-chain mechanism”) [200][203]. This
makes the mechanism of FepA relatively unusual for outer membrane porins,
and its dependence on TonB could classify it as a type of energy-dependent trans-
porter, although the specifics around how energy is transferred to the transport
reaction remains unknown [201][203].

The voltage-dependent anion channel (VDAC1) in human mitochondria is an
example of a β-barrel pore that occurs in eukaryotic cells. It is made up of
one relatively short, N-terminal α-helix that sits in the pore, followed by 19
β-strands that form the barrel (see Figure 2.14b) [192]. The pore changes from
its open state to a closed state when the membrane potential deviates from
0 mV, where it is maximally open, by more than 30 mV [204]. While the
pore is capable of transporting a wide range of small hydrophobic molecules
and ions, it also shows a selectivity towards some substrates, and is capable
of excluding other molecules completely, even if their size and hydrophobicity
match its known ligands. ATP shows a higher flux compared to molecules of
similar size and charge, which makes sense considering the localization in the
mitochondrial outer membrane. This selectivity is likely caused by charged
residues inside the pore that the substrates interact with when the structure is
in its open conformation [205][206].

An interesting example for how substrate selection happens in transmembrane
pores is Maltoporin (lamB), also from the outer membrane of E. coli. This
β-barrel pore forms a homotrimer of three pores, with 18 β-strands in each
individual protein (Figure 2.15) [207]. Despite its relatively large diameter, the
pore still manages to be selective towards long malto-oligosaccharides, which do
not travel through non-specific pores [187][207]. There are two main reasons for
this: On one hand, the space inside the channel is constricted by three loops
that fold into the pore, narrowing the path that molecules can take [208]. On the
other hand, the inside of the pore is lined with several hydrophobic, aromatic
residues (Trp74 from the neighboring pore, Tyr41, Tyr6 and Trp420) that form
a so-called greasy slide, which enables apolar van der Waals interactions with
the substrate in order to pull the molecule into the pore and guide it through to
the other side (Figure 2.15a,b) [187]. The inside is also lined with appropriately
positioned side-chains that can form hydrogen bonds with the oligosaccharide
(i.e. Arg8, Arg33, Arg82, Arg109, Asp116, His113 and Glu43) (Figure 2.15a)
[187].

In conclusion, we can say that β-barrel pores, which can be found in the outer
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Figure 2.15: The E. coli outer membrane pore maltoporin, as seen from the outside of the
membrane (PDB: 1MPO [187], rendered with Mol* [129]) (a) An individual maltoporin protein
with a maltopentose oligosaccharide located in its center. Residues that can form hydrogen
bonds with the substrate are marked in blue, the side chains that engage in van der Waals
interactions are colored yellow. The Trp74 side-chain on the top-right reaches into the pore of
the neighboring maltoporin in the complex. (b) The homotrimeric complex that maltoporin
forms in the membrane. Maltopentose is bound to each pore in the complex, the “greasy
slide” residues that interact with the substrate are marked in yellow.

membranes of gram-negative bacteria and related eukaryotic organelles such
as mitochondria and chloroplasts [188], are a very diverse group of membrane
proteins. They can be small or large in diameter [191][193], be very specific or
broad in their substrate selection [195][207], and can be regulated by different
gating mechanisms that can depend on ligands, lipids, the membrane potential,
temperature, shear stress, among others [109][57]. A broad, initial substrate
selection takes place through the diameter and shape of the barrel [194], and
can then get narrowed down by loops [202] or other domains [200] that are
located in and around the pore, in order to limit the three-dimensional structure
and chemical composition of the transported molecule. Substrate specificity is
typically caused by the positioning and the physicochemical properties of a small
number of residues [187][206][199].

2.1.3.5 Ion Channels and Aquaporins

Ion channels are energy-independent and passive transmembrane transport pro-
teins, where the transmembrane domain is mainly made up of an α-helical
bundle. The vast majority of channel proteins carry monoatomic ions, typi-
cally with a high substrate specificity. Most channels can be opened or closed
through different gating mechanisms (see Section 2.1.3.3) [209][57]. The flux
rates of substrates through channel proteins is often very high compared to
other forms of transport, with differences on the scale of several orders of mag-
nitude [33][57]. Channels typically achieve their substrate specificity through
a selectivity filter (SF), which is made up of a small number of residues that
line a narrow part of the channel, where they can interact with the transported
ion, and with surrounding water molecules [33]. Different selectivity filters al-
low the passage of specific organic ions, such as potassium [210], sodium [36],
chloride [211], protons [212] or calcium [213]. Nonselective ion channels, e.g. the
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Figure 2.16: The crystal structure of the potassium channel KscA from S. lividans. Figures
were rendered with Mol* [129]. (a) The channel tetramer of the complex, as it is integrated into
the membrane, with the cytoplasmic ends of the proteins facing down, and the extracellular
loops directed upwards. Two of the four proteins are made transparent, to better see the
selectivity filter, which is populated by three potassium ions (purple dots) that are separated
by a water molecule (red dot) (PDB: 1BL8 [215]). (b) The same tetramer when looking down
at the membrane from the extracellular side. The ions and water molecules are held in place
by backbone carbonyl groups that point into the middle of the protein. Residues from the
filter, and from a short helix behind it, interact with the neighboring proteins to hold the
complex together (Tyr78 is shown). (PDB: 1BL8 [215]). (c) The full KscA-Fab potassium
channel complex, including the extracellular domains (PDB: 1K4C [35]).

sodium-potassium channel NaK that conducts both sodium and potassium, can
achieve their lower selectivity through structural flexibility in and around their
SF [214].

One example of such a filter can be found in voltage-gated potassium channel
KcsA from the gram-positive bacterium S. lividans (see Figure 2.16). Its mech-
anism has been studied extensively, as it was the first channel of its kind that
had its 3D structure determined through x-ray crystallography [215]. KcsA is
the pore-forming protein in the KcsA-Fab potassium channel complex, where
the transmembrane channel domain is made up of four symmetrically arranged
copies of the KcsA protein (see Figure 2.16b). Further proteins, which are
mostly made up of β-strands, coils and short 3-10 helices, are attached to the
complex on the outside of the membrane (Figure 2.16c) [35].

The substrate selection is carried out by a loop between two TMHs of the KcsA
transmembrane channel protein (Figure 2.16a). Each of the four proteins in
the tetrameric channel complex contributes one of these loops, and together
they form a narrow opening that is lined with backbone atoms from six amino
acids (Thr75-Val76-Gly77-Tyr78-Gly79-Asp80) (Figure 2.16b) [33]. Both the
tetrameric structure of the voltage-gated potassium channels and the sequence
of their selection filter have been conserved throughout evolution [210]. A simi-
lar potassium selectivity filter motif can be found in channel proteins from many
different organisms, for example in Kch from E. coli [216], and in several eukary-
otic potassium channels, e.g. KCNA1 (prev. KV 1.1) [217] and KCNA2 (prev.
KV 1.2) [218]. In many cells, potassium channels are responsible for regulating
the membrane potential, and are crucial for the function of muscles and neurons
in animals [217].

Voltage-gated potassium channel proteins have a high selectivity for their sub-
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strate. Even sodium ions, which are relatively similar in size and charge, are
selected against with an accuracy of more than 99.9% [210][219]. This is es-
pecially important in neurons and muscle cells, where a temporary selective
permeability that allows potassium, but not sodium to pass through the mem-
brane is crucial for their function [217][57].

When ions are dissolved in watery solution, they interact with their surrounding
water molecules, i.e. they are hydrated. The narrowness of the path through
the selectivity filter requires the ion to be mostly dehydrated before it can
enter [35]. The backbone carbonyl groups of the amino acids that make up the
selectivity filter provide four evenly spaced oxygen atoms, thereby creating four
non-covalent binding sites for (mostly) dehydrated potassium ions [220]. Two
or three substrate molecules at a time can pass through the filter in a single
file, with ions being separated by water molecules that enter the channel (see
Figure 2.16a)[221]. Interestingly, this means that the chemical properties of
amino acid side chains do not play a direct role in the substrate selection of this
type of channel. Instead they have a structural function, holding the tetramer
together in such a way that precisely positions the backbone carbonyls into the
pore where they can interact with water molecules and potassium ions, with
the help of a short helix behind the filter. For example, Tyr78 that is shown in
Figure 2.16b forms hydrogen bonds with Trp68 and Thr72 from the short helix
of the next protein in clockwise direction [215].

One explanation for why KscA is highly selective towards potassium, while
simultaneously excluding relatively similar sodium ions, is referred to as the
snug fit mechanism. The idea is that the distances between oxygen atoms in
the selectivity filter resemble the oxygen atoms in the water molecules that make
up the hydration shell of a potassium ion. These four oxygens are spaced too
far apart for the smaller sodium ion, making the dehydration and subsequent
non-covalent binding of potassium ions energetically favorable in comparison,
as the free energy cost of partially dehydrating the sodium ion is higher than
the free energy gained by its interactions with residues in the binding pocket
[222][219]. More recent studies, with help from molecular dynamics simulations,
have argued that the real mechanism is likely more complex than that, and
might also involve the dynamic movement and flexibility of the folded amino
acid sequence [219][223][33]. The hydration levels of cavity residues around
the selectivity filter could play a role in regulating the channel’s activity, with
dehydration acting as a gating mechanism [224].

Another interesting family of channel proteins is that of aquaporins. They are
closely related to ion channels, but instead have the task of transporting water
molecules through cell membranes, at high flux rates. Some channels of this
type also carry other substrates, such as O2, CO2, H2O2, or small molecules
such as glycerol [226] The human AQP family includes 13 members that differ
in their tissue distribution and secondary substrates, and show small structural
variations [226]. While sequence similarity is low between members of this
protein family, they all share a similar three-dimensional fold made up of six
transmembrane helices. Four identical AQP proteins occur as a tetramer in the
membrane that can form five channels: one through each individual protein,
and a fifth one through the center of the tetrameric complex (see Figure 2.17a)
[227][228][226].
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Figure 2.17: (a) Tetrameric complex created by four copies of the human AQP4 protein
(PDB: 3GD8 [225], rendered with Mol* [129]). The perspective is from the outside of the cell,
looking into the channels. Two highly conserved asparagines from the NPA motifs that help
in orienting the transported water molecules to prevent proton leakage are marked in purple,
and their side chains are shown. Directly above the upper asparagine that is closer to the
viewpoint, located on the same helix, is the arginine from the ar/R pore constriction, which
also includes multiple multiple aromatic residues from helices on the opposite side (both not
shown). Together, these side chains form a ring that restricts the width of the channel. (b)
The water binding sites found in aquaporin channels. The two central asparagines help in
orienting the water molecules in the channel, together with water binding sites formed by
backbone carbonyls and hydrophobic side chains that line the rest of the pore. This prevents
hydrated protons from traveling through with the chain of water molecules, by forcing them
to only bind to each other or the binding sites. Figure b adapted from Alberts et al. [57].

Substrate selectivity in the four channels formed by the individual proteins is
achieved by pore-lining residues in two different places. First, there is the ar/R
pore constriction, which is made up of one highly conserved arginine (one-letter-
code R) that is surrounded by several aromatic (ar) residues. This constriction,
located in the region of the channel closer to the extracellular environment, is
mainly responsible for limiting the width and shape of the pore to only fit its
substrate(s), preventing hydrated ions and larger solutes from entering [227].
Variations in substrate selection between different aquaporins that allow addi-
tional substrates to enter the channel often coincide with changes to the ar/R
pore constriction [227][229][226]. The second filter, located directly behind the
ar/R constriction (see Figure 2.17a), prevents proton leakage, which would oc-
cur when a proton forms hydrogen bonds with two surrounding water molecules,
and then follows them through the channel. Proton gradients across the mem-
brane are important energy sources for many cellular pathways (see Sections
2.1.3.1, 2.1.3.2), meaning that protons need to be prevented from being pas-
sively transported by aquaporins. This is achieved by an intracellular and an
extracellular loop that both fold into the cavity, where they meet in the mid-
dle. On each loop there is a sequence motif made up of one highly conserved
asparagine, typically followed by a proline and an alanine. The motif is named
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after the one-letter codes of its amino acids (NPA) [230]. The two asparagines
are located in the middle of a chain of backbone carbonyls that form multiple
water binding sites, while the rest of the cavity is covered by hydrophobic side
chains [225]. Together, these residues in the channel manage to dictate and
restrict the orientation of the water molecules as they traverse the channel, in
single file. The central water is forced into its orientation through the two hy-
drogen bond donors in the asparagine, while the surrounding water molecules
then form hydrogen bonds with the backbone carbonyl oxygen atoms or other
water molecules, meaning that none of them have any valence electrons avail-
able that could bind to a proton, and carry it through the channel (see Figure
2.17b) [231].

The central pores of AQPs are speculated to carry ions, gases and other sub-
strates, but further research is needed [232][226].

2.1.3.6 Other transport mechanisms

Other categories of transporters that are mentioned by the Transporter Clas-
sification Database (TCDB) include group translocators, electron carriers, and
membrane transporter metabolons (MTM) [233].

Group translocation (TCDB 4.X) is a form of transmembrane transport where
a chemical reaction involving the substrate is energetically coupled to the trans-
port reaction. This includes, for example, the bacterial phosphotransferase sys-
tem (PTS) that couples sugar phosphorylation to the uptake of sugar across the
cell membrane. The phosphate group stems from phosphoenolpyruvate (PEP),
which turns into pyruvate after the reaction. PEP-PTS complexes can be di-
vided into three different parts. The first part is a transmembrane domain,
made up of one or two α-helical proteins that form a binding pocket, similarly
to the carriers discussed in Section 2.1.3.2. Connected to these integral mem-
brane proteins are two intracellular domains: The phosphotransferrases remove
phosphate groups from surrounding PEP molecules, in order to pass them on to
energy coupling proteins, which phosphorylate the substrate while it is located
in the binding pocket [234][235]. The transport mechanism is similar to the
previously discussed alternating access model (see Section 2.1.3.2), where the
protein transitions between outward- and inward-facing conformations to facil-
itate the binding and release the transported molecule. The key difference is
that the substrate undergoes a chemical reaction while it is located in the bind-
ing pocket, changing the chemical characteristics of the substrate and possibly
initiating further structural changes [235][28]. Four different PTS superfamilies
exist for the transport of glucose/fructose/lactose, dihydroxyacetone (DHA),
galactitol/ascorbate and mannose, respectively [234].

Transmembrane electron carriers (TCDB 5.X) transfer either one or two elec-
trons (e−) from an electron donor molecule located on one side of the membrane
to an electron acceptor on the other side. In other words, they essentially are
oxidoreductases (i.e. enzymes that catalyze redox reactions) that are made up
from TMHs, and located in the membrane [233]. One example is the eukary-
otic cytochrome (Cyt) b561 family, found in plants and animals. They oxidize
(i.e. take electrons from) L-ascorbate (Vitamin C), and then transfer the elec-
tron to another substrate on the other side of the membrane. In terms of protein
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Figure 2.18: Cytochrome b561 transmembrane electron transfer complex from A. thaliana.
Both proteins contain two heme groups, each of which is held in place by two fully conserved
histidines that form non-covalent bonds to the central iron atom. The histidines are high-
lighted in the left protein, while the right protein interacts with two ascorbates, which the
complex uses as electron donors. The electron is then passed on to the other side, where it
can reduce another molecule (PDB: 4O7G [101])

structure they are members of the major facilitator superfamily (MFS) that was
previously mentioned in Section 2.1.3.2 [236]. In A. thaliana, two very similar
proteins with nearly identical structures called Cyt b561-A and Cyt b561-B can
either occur as homodimers, or form a complex with each other, resulting in
the characteristic twelve TMHs of an MFS transporter [101]. However, the
mechanism is different from the rocker-switch model commonly found in solute-
carrying MFS members [29]. Each of the two proteins in the complex contains
two binding pockets, one on either side of the membrane. Every individual
binding pocket features a heme group, which is held in place by two highly con-
served [237] histidines, and surrounded by positively charged residues that likely
bind and guide the ascorbate (see Figure 2.18) [101]. After substrate binding
on the cytoplasmic side, an electron (along with a proton) is removed from the
ascorbate molecule, and passed on to the intracellular heme group. Next, the
electron is transferred to the extracellular heme group through a series of cova-
lent and non-covalent bonds, likely involving a conserved phenylalanine residue
that is located inside the protein, and possibly a water molecule that is bound
to other residues in the center. Finally, a now-reduced atom in the outer heme
group can pass the electron on to an extracellular molecule, either to a triply
charged iron (Fe3+ → Fe2+), or to a monodehydroascorbate radical that reacts
with the electron, and an additional proton, back to ascorbate [101]. The four
histidines are conserved across 107 members of the b561 family. A small number
of additional residues show conservation mostly in their respective sub-family
[237]. Tsubaki et al. [237] classified the family into seven subfamilies: three in
animals, two in plants, and one each in insects and fungi. Su and Asard [238]
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found that out of 20 conserved or partially conserved residues in mammalian
b561 proteins, six were essential for their function (including the four histidines),
and another six affected the activity in some way.

Membrane transporter metabolons (MTM, TCDB 6.X) are temporary protein
complexes made up of membrane proteins that transport a substrate, and en-
zymes that catalyze chemical reactions with the transported molecule [233][239].
The metabolon made up of GLUT4 (see Section 2.1.3.2) and either hexokinase
II or glucokinase is an example of an MTM that phosphorylates glucose dur-
ing import into the cell [240]. This increases the efficiency of multiple glucose
metabolism pathways, which typically start with phosphorylation of the sugar
molecule, by preventing back-flow of glucose through closely located exporters,
and by carrying out the first step in its metabolism directly during the import
[239]. Other examples of transport proteins that are part of MTMs are VDAC
β-barrel pores in the mitochondria of A. thaliana [241] (see Section 2.1.3.4), and
the human Anion Exchanger I antiporter [239][242] (see Section 2.1.3.2).

2.1.3.7 Summary and Conclusions

In summary, we can say that membrane transporters often contain a small
number of highly conserved sequence positions that are related to the transport
mechanism or the substrate specificity, while the remainder of the sequence
typically shows relatively low sequence identity, even between closely related
proteins with similar three-dimensional folds and substrate(s). However, when
trying to encode these proteins as numeric vectors, to then assemble these fin-
gerprints into datasets that can be used for the training of predictive machine
learning models, there are some notable exceptions that have to be considered.

We found that many transporters work similarly to enzymes, meaning they
contain binding pockets where the side chains match the substrate (e.g. Figure
2.11b, 2.13a,c). Binding of compatible molecules(s) in the binding sites then
catalyzes a transport reaction, typically involving a series of conformational
changes in the protein structure that open the protein on one side and close
it on the other, which is referred to as the alternating access model (Figure
2.12b, 2.13b). This includes carrier proteins, as well as many primary active
transporters, such as P-type ATPases and several types of ABC complexes (see
Sections 2.1.3.2 and 2.1.3.1, respectively).

When looking at the GLUT sugar transporter in detail in Section 2.1.3.2, we
found that they all share the same fold, mechanism, and binding pocket (Figures
2.11, 2.12). However, not all members of this family carry the same substrates.
Some are, for example, specific towards either fructose or glucose, while others
can carry both, and further homologues are compatible with additional hexoses
and pentoses. While the presence of the conserved sugar binding pocket can
classify a protein as a sugar transporter, the fine-tuning for one specific hexose
or another depends on smaller details, such as the exact positioning of one
particular residue on a flexible gating helix that can move while the protein is
in its outward-facing structural conformation. This means that it could be more
challenging to find a protein encoding that also includes these minute differences,
in addition to problems that arise from the lower number of available training
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samples for e.g. D-fructose carriers, compared to a dataset of all hexose- or all
sugar transporters.

Further exploration of carrier protein 3D structures showed us that a large num-
ber of these transporters assemble into either the MFS fold, or the LeuT-like
fold found in proteins from the APC superfamily. While the MFS transporters
show higher structural conservation, the APC proteins are more diverse in their
TMH topology. Most APC members are cation-driven secondary active trans-
porters, with highly conserved cation binding sites that are located in a flexible
part of the protein, while the remainder builds a stiff scaffold domain (see Figure
2.13a,b).

Interestingly, we found that even multi-drug transporters with a large number
of known substrates, both MFS members and type IV-V ABC complexes (see
Sections 2.1.3.2 and 2.1.3.1, respectively), can be highly selective towards their
respective set of substrates, excluding similarly shaped molecules, even stereoiso-
mers. This is achieved through large binding pockets with binding sites for mul-
tiple substrates (e.g. ABCB1 in Figure 2.7), which can also overlap. Many of
these multi-drug transporters can open their binding pocket towards the mem-
brane environment, where they take up their lipophilic substrates. Transporters
of drugs and xenobiotics are often hydrophobic on the inside, while solute and
ion transporters commonly possess aqueous pores lined with or surrounded by
water molecules; this could be useful information for classification models.

The rotary ATPases from Section 2.1.3.1 have a unique type of protein structure,
with conserved proton/sodium binding sites on the outside of their rotating
barrel, two half-channels located in the stationary transmembrane domain, and
a large complex outside the membrane that converts energy from ATP into
mechanical motion (Figure 2.9). In most organisms, including animals, these
pumps exclusively transport protons, while some bacterial species also contain
sodium-transporting variants. In animal or plant models, these proteins could
generally be classified as proton pumps, as there is no evidence of rotary sodium
pumps in these organisms, and their structures are easily recognizable.

The substrate binding pocket is not the only place in the protein where amino
acid conservation can occur; the conserved residues can also have important
mechanistic or structural functions. GLUT proteins, as discussed in Section
2.1.3.2, contain multiple highly conserved arginines and glutamic acid residues
that form a network of salt bridges to keep the protein in its outward-facing
conformation. Subsequent breaking of these bonds then changes the protein
structure towards its inward-facing state (Figure 2.12b). Proteins from this
transporter family also contain the sugar porter motif, a short part of the se-
quence that can be used to distinguish their sequences from other members of the
major facilitator superfamily. This motif is, however, not related to the actual
binding pocket, but rather has structural functions related to the mechanism,
and is located on an intracellular domain. Analysis of several GLUT proteins
and homologues also led to another interesting observation: While some residues
are conserved across the entire tree of life, others are found only in certain types
of organisms, such as plants, funghi, animals or bacteria. For example, some
additional binding sites that were conserved in eukaryotic GLUT transporters
could not be found in bacterial homologues (Figure A.3), meaning that residue
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conservation can also just occur between proteins whose organisms stem from
the same family, class or domain.

Another example of mechanism-related residues were the eight perfectly con-
served histidines found in Cyt b561 electron transport complexes (Section 2.1.3.6,
Figure 2.18), which are responsible for holding four heme groups in place. The
fact that each protein in the homodimer has four highly conserved histidines in a
protein sequence of around 250 amino acids, along with residues associated with
hydrophobic transmembrane helices, could be useful information for statistical
models that aim to find similar proteins in a proteome.

We also discovered that in some cases, the binding pocket of a transporter does
not directly match the substrate that it is annotated with, but instead interacts
with a carrier molecule that delivers the substrate to the protein. This includes
the E. coli iron siderophores that get released into the extracellular environment,
where they bind to elemental iron, and are subsequently imported back into the
periplasm by the iron importer FepA (see Section 2.1.3.4, Figure 2.14c). Other
examples of carrier molecules include the electron donors and acceptors that
interact with transmembrane electron transporters described in Section 2.1.3.6.

Transporters often occur as large complexes made up of several proteins, where
each member of the complex has a particular task, centering around the trans-
membrane transport domain, which is made up of bundled α-helices, or a β-
barrel structure. Primary active transporters tend to contain ATP binding
domains that transfer external energy from ATP hydrolysis to the transport
mechanism, like the two nucleotide binding domains (NBDs) that are present
in each ABC transporter (Section 2.1.3.1, Figures 2.10, 2.7 and 2.6). Other
transport complexes contain enzymes, for example the energy coupling proteins
in the PEP-PTS group translocation system that phosphorylates sugars while
they are located in the binding pocket of the carrier domain (Section 2.1.3.6).
Additional proteins can have structural functions and connect different func-
tional domains, or act as regulators that activate the transport, such as the
FXYD2 protein in Figure 2.10.

In Section 2.1.3.1, we also discussed some complexes that are modular, meaning
that they can change their substrate specificity by temporarily or permanently
recruiting further proteins to the complex. Instead of the regular two trans-
membrane domains (TMD) that are structurally similar to each other, type
III ABC complexes can contain one of several S-components that each bind a
different substrate, along with a second TMD that is structurally dissimilar.
In type II complexes from the same family, the substrate selection is done by
a substrate binding protein (SBP) that temporarily docks to the transporter
to deliver the substrate into the internal cavity, which is lined with a slippery
surface instead of containing a binding pocket. However, binding pockets can
be found in complexes with the ABC mechanism, for example they are common
in type I complexes (like MalFGK2, see Figure 2.6) where the SBP is, in turn,
less specific towards its substrate. The MacAB-TolC tripartite multidrug efflux
pump (Figure 2.8) was another interesting example, as it contained an inner-
membrane domain that transfers mechanical motion to a periplasmic domain,
which then takes up is substrate and pumps it through an outer-membrane pore
that is also part of the complex, meaning that ATP hydrolysis, substrate uptake
and transmembrane transport are carried out by three different complexes that
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bind together. Another observation when comparing transport complexes from
different organisms to each other was that they often go through gene fusion
events during evolution, meaning that an ABC transporter that is made up of
four different proteins in E. coli can be encoded by only one or two sequences in
human, for example. This might become important when adding proteins from
both organisms to the same dataset.

Ion channels and aquaporins, which we explored in Section 2.1.3.5, employ a
different type of transport mechanism, where the channel is constricted by selec-
tivity filters (SF) that are encoded by highly conserved sequence motifs. These
SFs form narrow passages involving several binding sites, made from backbone
carbonyl groups of amino acids in the sequence(s) (Figure 2.16a), and some-
times interspersed by individual conserved side chains that interact with the
passing molecules, e.g. the NPA motif in aquaporins (Figure 2.17a,b), or the
Asp-Arg SF found in voltage-gated proton channels [212]. Interestingly, many
of these motifs do not interact with the substrate through their side chains, but
instead cause the complex to fold in a particular way that precisely positions
the backbone carbonyl groups into the pore to form binding sites, and/or con-
strict the opening of the channel to only allow molecules of a particular size
and shape to enter (e.g. the ar/R constriction in aquaporins). According to
the snug fig theory, the actual selection is carried out by the distances between
oxygen atoms in the selectivity filter, which precisely re-create the hydration
shell of the transported ion (Figure 2.16b), thereby making its dehydration and
subsequent transport energetically favorable, compared to other hydrated ions.
Furthermore, studies involving molecular dynamics simulations suggest that the
flexibility of SFs could also play a role in their substrate specificity, which would
be harder to enocde from sequences or crystal structures. Regardless of the ac-
tual mechanism, ion channels and aquaporins do contain conserved residues that
correlate with their substrate, which could be enough information to predict the
transported ion from an encoded protein sequence.

When looking at β-barrel pores in Section 2.1.3.4, we found that some porins are
non-selective (Figure 2.14a), while others can interact with and select for their
substrates through pore-lining residues, and through globular domains or loops
that fold into the pore. Substrate-specific porins can have some unique mecha-
nisms, like the greasy slide in maltoporin that pulls long oligosaccharide chains
through the outer membrane while still achieving substrate selectivity with a
hydrogen bond network (Figure 2.15a), or like the ball-and-chain mechanism
of FepA that releases a large globular structure into the intracellular environ-
ment after substrate binding (Figure 2.14c). The VDAC1 transporter (Figure
2.14b) highlights the structural and functional similarities between bacterial
and human mitochondrial porins. While residues in selective β-barrel pores
do interact with their substrates, and might therefore add information about
their substrates to the protein sequence, the fundamental structural and me-
chanical differences between porins and α-helical membrane transporters could
pose a challenge when trying to find similarities between proteins carrying the
same substrate, as the different frequencies of amino acids in the two types of
secondary structure [58] could become a confounding variable in the dataset.

The goal of this thesis is to mathematically encode transport protein sequences,
and then use those encodings to train predictive models that can categorize the
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transporters according to their substrates. Good starting points for these en-
codings are the binding pockets found in many proteins, as the conserved side
chains they contain tend to chemically match their transported molecule type
or substrate class, e.g. “hexose sugar” or “hydrophobic amino acid”. On the
other hand, the remainder of the sequence, while often structurally conserved
within a (super-) family, typically shows low sequence identity even to closely
related proteins. This means that by creating a training dataset of transporters
that are categorized by their substrate class, we can automatically find statisti-
cally significant similarities between proteins transporting the same substrate,
and differences to members of another substrate class, allowing us to filter out
irrelevant information, and keep those data points that let us accurately tell the
classes apart.

On the other hand, there is also the possibility of confounding variables with
this approach. Some highly conserved residues are related to the mechanism
shared by all members of the protein family, meaning that the model could
also encode, for example, the membership in either the MFS or the APC super-
family (see Section 2.1.3.2), in addition to the substrate specificity of the binding
pockets. While binding pockets are very common in carrier proteins, they are
not always present in ATP-driven complexes, as we noticed for some members of
the ABC transporter family, for example. To tackle this problem, we are going
to implement a method that finds a set of substrate classes which are well-
separable, based on training data. Furthermore, transport protein complexes
can undergo gene fusion events throughout evolution, meaning that a bacterial
dataset might only contain the transmembrane domains, while a human dataset
of the same substrate class contains the full sequence of all domains together.
This could potentially be solved by dividing the fused complexes into domains, or
by combining bacterial transporter complex operons into one sequence. Finally,
the amino acid compositions of β-sheets might be so different from those of
α-helical bundles that their encodings are not comparable.

Ion channels achieve their substrate specificity from short sequence motifs that
act as selectivity filters, containing several ion binding sites that likely aim to
re-create the hydration shells of their specific substrate, and/or constrict the
channel to only allow certain shapes and sizes of molecules to pass. Whether
sequence encodings will be able to capture enough information about the sub-
strate specificity of ion channels, and whether these encodings are comparable
to unrelated proteins with ion binding sites, such as APC carriers or P-type
ATPases, will have to be tested in practice.

Finally, the training dataset can contain multiple isoforms of one protein, which
have very similar sequences to each other, as they are encoded by the same gene,
or by very similar structural DNA repeats. This would mean that the dataset
contains proteins with very high sequence identity across the entire protein
sequence, making it harder to filter out unnecessary data in the training set,
and potentially leading to information sharing between training and test sets,
which would make the evaluation less reliable. Therefore, it would be a good
idea to filter these protein copies out of the dataset with a sequence clustering
algorithm.
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2.2 Computational tools and data sources

This section covers the data sources and bioinformatics tools, as well as the
existing machine learning algorithms and statistical methods used in the re-
mainder of this thesis. Newly implemented algorithms are introduced in the
methods section of the chapter where they are implemented and evaluated.

2.2.1 Webservices and databases

2.2.1.1 Biological data and one-letter encodings

The backbone of this project is the vast amount of “-omics” data that is available
through various publicly accessible databases. Genomics is the study of the ge-
netic DNA code found in the cell, transcriptomics concerns the RNA transcripts
that the DNA can be transcribed into, and proteomics studies the proteins that
protein-coding messenger-RNA (mRNA) transcripts are translated to.

Besides those three, some additional terms have been coined, such as meta-
bolomics for studying the set of metabolites that is produced in an organism,
or transportome for the substrates that are transported by the transmembrane
transporters present in the cell and its genetic material.

In this thesis, we aim to predict the transportome of the proteome, meaning that
we need proteome databases to get the protein sequences, along with tabulated
and organized experimental results that tell us which proteins are known to be
transmembrane transporters, and which molecules each of them carries across
the membrane.

DNA is encoded as single letters that correspond to the four DNA bases ade-
nine, guanine, cytosine and thymine (A,G,C,T, respectively), whereas RNA
contains uracil instead of thymine, therefore T is replaced by U. Protein se-
quences are stored in the form of the one-letter amino acid code. Databases
typically follow the nomenclature prescribed by the International Union of Pure
and Applied Chemistry (IUPAC) [243], which provides single letters for each
of the 20 proteinogenic amino acids that are encoded by the standard genetic
code (see Figure A.1). Additional codes U and O exist for the amino acids
selenocysteine and pyrrolysine, respectively (see Section 2.1.1). Unspecified or
unknown amino acids are usually denoted as “X”. A sequence position that is
either an Asp or Asn is labeled as “Asx” or “B”. In a similar fashion, Glx (“Z”)
can either be Gln or Glu, or any substance that turns into glutamic acid after
acid hydrolysis.

Many genes and gene products are known by multiple names and symbols that
are subject to change as the scientific knowledge expands. Typically, one pri-
mary gene name and one protein name are defined, while the remaining names
are treated either as synonyms, or are deprecated if they were wrongfully as-
signed.

Multiple services exist that maintain primary names for genes, transcripts and
proteins. Some act independently of organisms, such as NCBI RefSeq [244] or
Uniprot [245]. Others maintain and curate the available data, and assign pri-
mary gene names for one specific model organism, such as the Saccharomyces
Genome Database (SGD) [246] for S. cerevisiae, The Arabidopsis Information
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Resource (TAIR) [247] for A. thaliana, the HUGO Gene Nomenclature Com-
mittee (HGNC) [248] by the Human Genome Organization (HUGO) for human,
Mouse Genome Informatics (MGI) [249], the Zebrafish Information Network
(ZFIN) [250], and the Vertebrate Gene Nomenclature Committee (VGNC) [251]
for vertebrae that do not have their own committee. Some services, such as Eco-
Cyc [252] for E. coli or Aramemnon [253] for A. thaliana membrane proteins,
only curate the available data from other sources, without assigning primary
gene or protein names themselves.

Databases also annotate genes and gene products with unique identifiers, in
order to simplify automatic processing. These identifiers remain in use across
database versions, and follow a standardized pattern. As scientific knowledge
expands, some types of identifiers can be merged, split or deleted, and new
identifiers can be added. Multiple services exist that provide unique and/or
stable identifiers, such as Entrez [254], Ensembl [255], and Uniprot [245]. Update
files that list the changes between database versions, as well as conversion and
mapping files that allow for the linking of multiple datasets, are available as
well [255][248]. Throughout this thesis, we will be using Uniprot accessions to
identify proteins, along with the primary gene symbols assigned by Uniprot (if
available).

2.2.1.2 Nucleotide databases

Data sources for raw genetics data include the European Nucleotide Archive
(ENA) [256] of the European Bioinformatics Institute (EMBL-EBI), the Gen-
Bank database [257] maintained by the National Center for Biotechnology In-
formation (NCBI), and the DNA Data Bank of Japan (DDBJ) [258]. To-
gether, they form the International Nucleotide Sequence Database Collaboration
(INSDC) project [259] that aims to standardize the storage and processing of
data and metadata.

The DNA from an organism is typically assembled into an idealized reference
genome, which is annotated with genetic variants and mutations found in in-
dividual organisms, along with their known effects. The set of variants found
in one individual organism is called the genotype, and the effect of a particular
variant is called a phenotype. Various webservices allow the user to interac-
tively browse and/or retrieve reference genomes and genetic variants for any
sequenced organism. These include Ensembl [260], the UCSC genome browser
[261], as well as several NCBI services, such as RefSeq [244], Entrez [254], Clus-
ters of Orthologous Genes (COGs) [262], and the Genome Data Viewer (GDV)
[263].

Besides genetic variants, the reference genome is also annotated with regulatory
features that affect the gene expression, and with the different RNA transcripts
that a particular gene can produce. The DNA (and RNA) that encodes the
amino acids of a protein is called a coding sequence (CDS), which is, in turn,
the basis for the reference proteome.
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2.2.1.3 Uniprot

Uniprot is a collection of multiple protein databases, along with a webservice
for retrieving protein sequences, annotated data, and links to related databases
[245].

The Uniprot Knowledgebase (UniprotKB) is a protein database mainly based on
translated CDS data from the three INSDC nucleotide archives, which makes up
around 95% of the entries. The remaining 5% stem from other sources, such as
the protein 3D structure database Protein Data Bank (PDB) [264], from direct
protein sequencing, or from scanned literature. Researchers can also submit
their protein sequences directly to the database [265][245].

The UniprotKB is split into two parts: The Swiss-Prot database contains entries
that are manually reviewed by researchers, whereas the proteins in TrEMBL
are automatically added and annotated from outside sources. An entry in the
database does not just contain the sequence, but also additional information
that is available about the protein, including its functions and locations in the
cell, its predicted and/or experimentally derived 3D structures, membership
in protein families, temporary or permanent interactions with other proteins
in order to form quarternary structures, and links to other databases. These
annotations are often backed up by experimental evidence from literature, either
direct evidence that concerns the exact protein, or information that was inferred
from a homologous protein of sufficient similarity [245].

A canonical sequence is selected as a representative for each protein, based on
functionality, gene expression, conservation and transcript length. Isoforms that
are encoded by the same gene in the same species (e.g. splice variants) are either
part of the same entry, but they can also be listed as separate proteins [266]. In
the latter case, they might have to be removed from the dataset when evaluating
predictive models, as they could lead to information sharing between training-
and test set.

Each entry also contains information about whether the protein encoded by
a CDS has been experimentally observed in vivo, and whether the gene that
encodes the protein is known. When training machine learning models, this can
be seen as a trade-off between higher data quality/reliability on one side, or a
higher number of available samples per class on the other (see e.g. Appendix
C.1 from Chapter 4).

As there is a large amount of redundant information available across publicly
accessible protein databases, the Uniref datasets [267] aim to cluster proteins
at different levels of sequence identity (i.e. 50%, 90% or 100%), to then pick a
representative protein for each cluster. Representatives are selected according
to measures related to biological relevance and data quality, as well as the
sequence length [268]. Uniref is based on a subset of UniParc [269], which is
a non-redundant protein database that contains sequences from a wide range
publicly available sources, including UniProtKB, RefSeq, Ensembl, and many
more. Applying an algorithm to only the representatives instead of the entire
dataset allows the user to remove a large amount of redundancy, without losing
too much biological information. In the following chapters, we will use Uniref
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clusters to calculate conservation scores for the 20 amino acid types in each
protein.

2.2.1.4 Protein Data Bank

The Protein Data Bank (PDB) [264] is a database of three-dimensional protein
structures and complexes, often together with bound ligands and substrates.
These structures are provided as PDB files, where the 3D position of each atom
is listed, along with different types of bonds, secondary structures that are
formed, and the resolution (in Ångström) at which the structure was experi-
mentally determined. Most entries are annotated with the peer-reviewed study
where they were published, but it is also possible to submit structures directly
without an associated publication [264]. The PDB is managed by the worldwide
PDB (wwPDB) organization, which is a collaboration between the Research Col-
laboratory for Structural Bioinformatics (RCSB), the European Bioinformatics
Institute (EBI), and the Protein Data Bank Japan (PDBj) [270].

PDB entries are determined through various experimental methods, such as
X-ray crystallography, Nuclear Magnetic Resonance (NMR) spectrometry and
cryogenic electron microscopy (cryo-EM) [271]. The Computed Structure Mod-
els (CSM) archive [272] expands this structure repository by computationally
predicted structures from ModelArchive [273] and AlphaFoldDB [274][21][275].

There are multiple webservices that provide convenient access to the PDB, in-
cluding the RCSB.org website, the Protein Data Bank in Europe (PDBe.org),
and the Protein Data Bank Japan (PDBj.org) [270]. Some of these services
also include other tools, such as Mol* [129] or JSmol [276] for visualization,
MemProtMD [277] or PDBTM [278] to determine the membrane orientation of
transmembrane proteins, or a sequence annotation viewer for finding annotated
domains and motifs [272]. We used RCSB.org together with Mol* and Mem-
ProtMD/PDBTM to create most of the rendered protein structures in Section
2.1.

2.2.1.5 Ontologies and gene/protein annotations

In order to efficiently take advantage of the existing scientific research literature,
there are several ways in which gene and protein sequences are annotated with
additional knowledge. If an experimental study found new information about
a protein, e.g. that it is responsible for a particular task in the cell, associated
with a known pathway, or located in only a subset of cellular components, then
the corresponding gene or protein identifiers are linked to a gene annotation,
along with the study or studies that support this information.

One of the most commonly used annotation systems is the Gene Ontology (GO)
[47]. The GO consortium provides three ordered sub-hierarchies (i.e. three as-
pects) of GO terms: Molecular Function (MF), Biological Process (BP), and
Cellular Component (CC). A molecular function directly describes a task that
a protein carries out in the cell, while BP describes a pathway or broader goal
that the proteins molecular function contributes to. Each entry has a trivial
name and an identifier (e.g. “transmembrane transport” is “GO:0055085”). A
GO term can have multiple synonymous names and identifiers (IDs), although

RCSB.org
PDBe.org
PDBj.org
RCSB.org
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one of each is always selected as the primary name and ID. Terms can be added,
deprecated, split or merged between different versions of GO.

GO terms are connected by directed edges, which are in turn annotated with
the type of relation that exists between the two GO terms on either side of
the edge. A child term is connected to a parent term with an edge that points
from the child towards the parent. Each edge is also annotated with the type
of relation it represents, e.g. “part of”, “regulates” or “is a”. For example, the
GO term transmembrane transporter activity “is a” transporter activity, and
that “is a” molecular function, which is in turn the root node of the MF aspect
[279]. These edges can also exist between aspects, e.g. protein transport within
plasma membrane (BP) “occurs in” plasma membrane (CC), and carbohydrate
transmembrane transporter activity (MF) is “part of” carbohydrate transmem-
brane transport (BP). Generally, the “is a” relation is only used between two
GO terms from the same aspect, as it describes a hierarchical relationship where
one GO term is a sub-type of another. This means that every protein that is
annotated with the more specific term is also implicitly annotated with the more
abstract term. The sub-tree of GO terms that has a path to a particular node
is also referred to as its descendants, and the path between a GO term and the
root node of its aspect makes up the set of its ancestors.

Ontologies like GO can be represented in the human-readable, text-based Open
Biological and Biomedical Ontologies (OBO) [280] file format, which was devel-
oped specifically for bio-ontologies. The OBO foundry [280] standardizes the
definitions of abstract terms and the types of relations that can occur between
different entities across different ontologies, through the Core Ontology for Bi-
ology and Biomedicine (COB) and the Relation Ontology (RO), respectively.
The OBO format is related in concept to the much more complex and more
machine-oriented Web Ontology Language (OWL) [281]. OBO can be converted
to OWL to get access to more sophisticated constructs that allow for additional
workflows, e.g. for automated logical reasoning, or cross-referencing between on-
tologies [282][283]. Most available tools and services for creating, maintaining,
searching and cross-linking bio-ontologies either use OWL internally, or are built
on OWL entirely, due to its more advanced capabilities [280][284][285][286][287].
These datasets can usually be converted to and from OBO files, in order to take
advantage of the simpler and more human-readable/writable format.

Protein and gene databases, such as Uniprot, then use this ordered hierarchy
of GO terms to create GO annotation (GOA) datasets [288]. Webservices like
QuickGO [289] and AmiGO [290] allow for easy access to the GO annotations
that are provided by various protein databases. These relations between pro-
teins and GO terms are labeled with qualifiers that describe the type of relation.
For example, the human sugar uniporter GLUT3 (see Section 2.1.3.2) “enables”
the molecular function D-glucose transmembrane transporter activity, and is “lo-
cated in” the plasma membrane (CC) [279]. Qualifiers can also be negated with
the “NOT” prefix, e.g. human GLUT3 explicitly “NOT|enables” fructose trans-
membrane transporter activity (MF). Besides the qualifier, each annotation is
also labeled with a reference, e.g. with a link to a published research paper or to
a protein family database. This reference is accompanied with an evidence code
that describes whether the experiment in the study was carried out on the exact
same protein or on a similar protein, and whether the annotation was manually
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checked by a researcher. Filtering out annotations that were automatically in-
ferred can therefore increase the data quality, while also decreasing the number
of available annotations.

Another set of protein annotations is provided by Uniprot in the form of Uniprot
Keywords [291]. Keywords are a controlled vocabulary with a hierarchical struc-
ture, but they lack the formal relationships between terms, such as “is a” or
“part of”, meaning they do not represent a full ontology like GO, and do not
directly support associated OBO or OWL workflows. They are, however, linked
to synonymous GO terms. Compared to GO, the keyword dataset is much
smaller and the information provided by annotations is not as detailed as many
of the more specific GO terms. In the Swiss-Prot subset of Uniprot, the key-
words are assigned manually by curators [291].

The ChEBI ontology [292] contains “Chemical Entities of Biological Interest”,
i.e. specific molecules that occur in and around living organisms, as well as asso-
ciated abstract descriptions. For example, the molecule D-glucopyranose “is a”
D-glucose, which “is a” glucose [293]. The root node of the ontology that all
molecules are descendants of is called chemical entity. The ChEBI ontology
is cross-referenced to the Gene Ontology, which can be useful for connecting a
molecular function GO term annotated to a protein in our dataset to its trans-
ported substrate in the ChEBI ontology. The GO-MF term D-glucose trans-
membrane transporter activity “has primary input” D-glucopyranose (ChEBI)
[279], for example. These cross-references can be retrieved from webservices
such as QuickGO [289] and Ontology Lookup Service (OLS) [285], or calculated
manually from OWL files, with software like Protégé [286] or ROBOT [284].

2.2.1.6 Protein families, domains, motifs and sites

There are many different databases for protein sequence annotations, most of
which are accessible through InterPro [294]. This resource links the protein se-
quences from the UniprotKB database to their families, superfamilies, domains,
repeats and functional sites, and visualizes where the annotated residues are
located within the sequence.

Protein families are groups of proteins that are related through evolution and
share a common ancestor, which is typically reflected by similarity and con-
servation of their sequences and/or 3D structures, and often through similar
functions. They tend to show relatively high sequence similarity, while the
structural fold can differ between members. Homologous superfamilies on the
other hand, such as MFS and APC from Section 2.1.3.2, show a lower sequence
similarity, have a more distant common ancestor, and are often defined by hav-
ing a similar structural fold. A protein domain is a part of a protein that folds
independently, and often fulfills a particular function, e.g. the ATP binding
domain(s) in primary active transporters (see Section 2.1.3.1). Sequence mo-
tifs, also called repeats, are short sections of an amino acid sequence that show
conservation across evolution, e.g. the sugar porter motif from Section 2.1.3.2.
Finally, a functional site is directly involved in the function of the protein, such
as substrate binding sites (e.g. the residues in the sugar binding pocket from
Section 2.1.3.2, which are listed in Figure A.3), active sites in enzymes, residues
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where post-translational modifications (PTM) take place, and other types of
conserved sites [294].

These InterPro entries are manually mapped to matching GO terms by curators,
based on biological knowledge and scientific literature. The proteins associated
with these InterPro entries are then automatically annotated with the corre-
sponding GO terms. InterProScan [295] can search the sequences in a protein
database for different InterPro types (e.g. for domains or repeats) using pre-
dictive models provided by member databases, and can thereby provide a first
estimate of their functions, if matching entries are found.

2.2.1.7 Transmembrane transporter databases

Besides the Gene Ontology, UniprotKB and InterPro, there are also more spe-
cialized gene and protein annotation and classification resources that focus
specifically on transmembrane transport proteins.

The Transporter Classification Database (TCDB) by Saier Jr et al. [118] hierar-
chically classifies transporters according to their mechanisms, superfamilies and
phylogenetic relationships. In the TC system, each protein is assigned an iden-
tifier V.W.X.Y.Z, where V and W refer to the class (e.g. primary active, carrier,
channel) and subclass, X and Y can correspond to the superfamily, family or
sub-family, and Z represents the substrate(s) of the protein. In other words, the
TC system classifies membrane transporters by their transport mechanism first,
by evolutionary relationships second, and by substrates third, meaning that it is
more focused on similarities in protein structures and/or sequences, and less on
substrate binding pockets or selectivity filters. Most nodes in the hierarchy are
annotated with a text about the current state of the field, along with supporting
research papers. Mapping files to UniprotKB, GO, ChEBI, PDB, RefSeq and
protein family databases are provided as well [296][233].

TransportDB [297] is a database of predicted membrane transporters that is
based on the TransAAP pipeline [298] for automatically assigning TCDB iden-
tifiers to previously unclassified transporters in prokaryotic genomes. First, it
uses BlastP [299] to search for proteins with homologous sequences in RefSeq-
bacteria [244], COG [262] and TCDB. The pipeline then employs hidden markov
models in HMMER3 [300] to find parts of sequences that resemble known do-
mains and motifs, as well as TMHMM [99] to predict transmembrane helices.
While the first version required manual curation, version 2.0 aims to automate
that process, and uses a combination of PHP and Perl scripts to improve the
results through empirically derived rules. Some eukaryotic genomes are also in-
cluded, although their annotation still requires extensive manual curation, due
to the increased complexity of eukaryotic genomes.

The HGNC [301], along with other mammalian gene naming committees men-
tioned in Section 2.2.1.1, maintains systems of standardized names for genes
of human transporters and channels, based on their mechanism, subtype, sub-
strates and sequence similarity, respectively.

The Solute Carrier (SLC) system [158] divides 473 human carrier protein genes
(as described in Section 2.1.3.2) into 76 different families [302]. For example,
the aforementioned GLUT protein family of glucose uniporters is encoded by
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the genes that make up the SLC2 gene family, with the GLUT3 gene listed as
SLC2A3 [303]. Orthologues in a select group of mammals, such as mouse and
rat, are also named according to the SLC system, whereas homologues in other
types organisms, e.g. in bacteria, are not included.

A similar naming convention exists for human (and some mammalian) ABC
proteins and complexes (see Section 2.1.3.1), with 51 human genes [304] divided
into seven subfamilies ABCA-ABCG that were originally based only on sequence
similarity [142], while family membership is now also determined by substrates,
and by domain architecture (e.g. full- and/or half-transporters) [143]. Only five
of those seven families contain genes that encode transporters, as ABCE and
ABCF family members lack the transmembrane domains (TMDs) [143].

The 142 human ATPase genes are divided into eleven families and sub-families
that encompass all genes needed to assemble the complexes. This means that
many of the genes with the corresponding “ATP” prefix do not directly interact
with the substrate in the membrane. Some complexes classified as ATPases do
not act as membrane transporters and/or are do not possess integral transmem-
brane domains [305].

Ion channels and aquaporins (see Section 2.1.3.5) are named according to their
substrate and/or gating mechanism. KCN, SCN and CACNA are prefixes for
channels that carry potassium, sodium and calcium, respectively; AQP is the
prefix for aquaporins. Most of these channel families also have sub-families, for
example the potassium channels from Section 2.1.3.5 (KCNA1 and KCNA2)
are members of the potassium voltage-gated channel subfamily A. There are
330 human genes listed that code for ion channels, including aquaporins [306].

A database for clinically and pharmaceutically relevant ion channels and trans-
porters is provided by the Guide to Pharmacology database (GtoPdb) [307].
It classifies channels and aquaporins by their gating mechanism (ligand-gated,
voltage-gated, other) and their substrates, whereas transporters are categorized
into ABC family members, P-type ATPases, F/V-type (rotary) ATPases, and
members of the SLC superfamily. It focuses on human proteins and complexes,
but also lists transporters from other species when they are clinically relevant
(e.g. bacterial transport proteins implied antibiotic resistance), or when they
are relevant to comparisons between human and model organisms used in drug
testing, such as mice and rats.

Finally, drug target databases such as DrugBank [308] list all known drugs and
xenobiotics that are transported by membrane proteins acting as drug targets,
e.g. the multi-drug ABC transporters P-glycoprotein (ABCB1) and breast can-
cer resistance protein (ABCG2).

2.2.1.8 BLAST and position-specific scoring matrices

Basic Local Alignment Search Tool (BLAST) [24][299] is a software that al-
lows for the search of protein (BLASTP) or nucleotide sequences (BLASTN)
in corresponding databases. It divides the sequence into k-mers, i.e. into sub-
sequences of length k, and then searches for matching k-mers in sequences from
the database. When a match is found, it uses the k-mer as a starting point
(seed) to build up a local alignment. To account for insertions and deletions
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of amino acids during evolution, BLAST also allows for gaps to occur in the
alignment that represent insertions or deletions of amino acids at a particular
position. In that case, one or multiple sequence positions (i.e. amino acids or
nucleotides) in one of the sequences is matched to the symbol “-” instead of an
amino acid. Figure A.4 shows an example of a pairwise sequence alignment.

Protein sequences are often compared by employing substitution matrices. These
20×20 integer matrices contain empirically derived log-odds values, where pos-
itive values indicate that the substitution of one particular amino acid type
(see Figure A.1) by another throughout evolution is more likely than random,
whereas a negative value means that it is less likely. A log-odds score is the ratio
between an observed and an expected probability, brought to a linear scale that
is centered on 0, by applying a logarithm:

log-odds = log

(︃
P (event)

P (background)

)︃
(2.1)

Following this formula, the substitution score for amino acid types a and b are
calculated as:

s(a, b) = log2

(︃
p(a, b)

q(a) · q(b)

)︃
(2.2)

, where p(a, b) is the observed frequency with which a and b are paired in an
alignment, and q(a) denotes the relative amino acid frequency of residue a across
all sequences in the dataset. The product q(a)·q(b) is the expected probability of
this pairing occurring by chance. Examples for amino acid substitution matrices
include the Point Accepted Mutation (PAM) [309] and Blocks Subsitution Matrix
(BLOSUM) [68] matrices, which differ in the sequence dataset they are based
on. PAM is derived from global alignments of homologous protein sequences,
whereas BLOSUM is calculated from local sequence alignments of conserved
sequence motifs (called blocks). There are multiple versions of each matrix that
are built from more closely or distantly related proteins. The most commonly
used substitution matrix, and default parameter in many alignment tools, is
the BLOSUM62 matrix [310], where scores are calculated based on blocks that
were clustered with a 62% sequence identity threshold to reduce redundancy
(see Section 2.2.1.9).

The problem of finding pairwise alignments can be optimally solved by the
Needleman-Wunsch [311] and Smith-Waterman [312] algorithms that find the
highest-scoring global or local alignment, respectively. They create a n+1×m+1
matrix for the pairwise alignment of two sequences with lengths n and m, which
is subsequently filled by a dynamic programming algorithm that considers all
possible alignments, and scores them according to log-odds values from substi-
tution matrices, together with an additional gap penalty for adding insertions or
deletions to the pairwise alignment. While optimized versions of the algorithms
exist that can reduce the space requirements to O(min(m,n)) [313], the runtime
of O(m×n)) for each sequence in the database is computationally very intensive
when considering the sizes of sequence databses. The default database used by
BLASTP (the NCBI non-redundant protein database nr) contains 894,448,555
sequences at the time of writing [314].

Instead of calculating an optimal alignment for each sequence, BLAST creates
an index of k-mers that is similar in principle to a hash-map, which speeds up the



54 CHAPTER 2. BACKGROUND

search of local alignment starting points (i.e. seeds) significantly. It then extends
the seed to surrounding sequence positions, and directly stops the extension
when its raw alignment score, which is calculated by simply adding together
the substitution matrix entries and gap penalties for the aligned positions, does
not reach a minimum threshold (a higher score is better). Finally, matching
sequences in the database are ranked by a normalized score, the E-value, which
denotes the statistical significance of the result based on the Karlin-Altschul
statistics [315] (lower is more significant). It is defined as the number of sequence
alignments with a score at least as good or better that one would expect to find
randomly in the given BLAST database, given the length of the input sequence
and selected substitution matrix [24].

The protein sequences with an E-value below a given threshold (e.g. E ≤ 0.002)
are then returned as the result. Position-specific iterated BLAST (PSIBLAST)
[299], an extension of BLASTP, takes these proteins, calculates a multiple se-
quence alignment (MSA) between them (see Figure A.3), and then uses that to
derive a new substitution matrix. The difference is that this position-specific
scoring matrix (PSSM) is calculated for every position in the input sequence,
not just for each type of amino acid. This PSSM is then used as the log-odds
scoring matrix in another search iteration in the same database. By using a
score that is specific for the protein and its sequences, instead of a generalized
substitution matrix for all proteins, PSIBLAST can find even more distantly
related homologues in each iteration. This is useful for finding proteins that are
related and have a similar function, but are not obviously similar in their protein
sequences. As discussed previously, this is the case for many transmembrane
transport proteins, e.g. for those in the MFS or APC superfamilies from Section
2.1.3.2.

Supervised machine learning models need a protein to be encoded by a fixed-
size vector, whereas protein sequences (and structures) in nature have variable
lengths and sizes. This means that they need to be encoded by an algorithm.
Calculating a PSSM after n iterations of PSIBLAST on one of the clustered
Uniref databases introduced in Section 2.2.1.3, and then averaging the scores of
each amino acid type across the sequence positions, allows us to create a specific
substitution matrix for each individual protein. The values in the 20×20 matrix
correspond to the likelihood that a particular amino acid type in the protein
is exchanged by another through evolution. In the first half of this chapter
(see Section 2.1.3.7), we learned that the types of amino acids that are over-
represented and/or conserved in a protein are in many cases directly related to
the specific function that the protein carries out, e.g. by guiding, selecting and
binding the substrate into a transmembrane domain, or by enabling the mech-
anism that transports the molecule to the other side of the membrane, through
a series of conformational changes in the protein structure. In the following
chapters, we will introduce a machine learning feature calculated from multiple
standardized PSSM features for the same protein (Multi-PSSM) that includes
information derived from very closely- and very distantly related proteins by
using multiple sequence databases and changing PSIBLAST parameters.

Calculating multiple PSSMs for each protein in our dataset is made possible
by the software package blast+ [316] that allows for the local usage of these
tools. The makeblastdb utility converts a FASTA file containing text-based
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sequence data into a pre-processed BLAST database file that contains data
structures which speed up the sequence searches. Tools to search for matching
proteins in a database, such as blastp, are included as well, and support efficient
multi-threading. The psiblast command line program can carry out one or
multiple iterations automatically, and provide the user with a PSSM derived
from the results of the last iteration. We implemented a Python wrapper that
automatically creates PSSMs for a protein dataset, and supports caching (see
Appendix C.1).

2.2.1.9 Sequence clustering methods

In order to reduce redundancy in protein sequence datasets, and counteract
the possibility of information sharing between training- and evaluation datasets
used for performance testing of predictive models, sequences can be clustered
according to a particular identity threshold. If more than a given percentage
of positions is identical between two proteins, then both sequences are assigned
to the same cluster. A representative can then be selected for each clustered
group based on various criteria. Applying a software (such as BLASTP from
the previous section) to only the cluster representatives instead of the entire,
unclustered database, can speed up its runtime significantly.

CD-HIT [317] is a commonly used tool for clustering protein sequences. It
speeds up the clustering process by employing a short word filter, which can
estimate the sequence identity between two protein sequences from the number
of identical k-mers between the two sequences, without performing an actual
alignment. If the pairwise identity can not be confidently estimated with the
filter, an alignment is performed instead. The greedy, incremental clustering
algorithm first sorts proteins according to their sequence length, and the longest
sequence is selected as the representative of the first cluster. The remaining
proteins are then compared to the existing representatives. If the identity of
a protein to any of the cluster representatives is above the given threshold
then they are assigned to the corresponding cluster, otherwise they become the
representative of a new one.

As mentioned before in Sections 2.2.1.3 and 2.2.1.2, databases of pre-calculated
protein and gene clusters exist as well. Some databases, such as Clusters of
Orthologous Groups (COGs) and eggNOG [318], employ clustering methods
across a wide range of available genomes to find orthologs, i.e. homologs that
are evolutionary descendants of the same ancestor gene (as opposed to paralogs,
which are homologs created by gene duplication events that then evolved sep-
arately). Uniref [267] starts with a very large, non-redundant protein dataset
that contains data from mutliple sources, and assigns the proteins into clusters
of 100%, 90% or 50% sequence identity. Proteins can only be assigned to a
cluster if they have an overlap of at least 80% with the longest sequence, which
is called the seed [268]; sequences with ten or fewer residues are only included
in Uniref100, as they can cause problems with the greedy clustering algorithm
[319]. Representatives for the clusters are selected based on biological relevance,
availability and quality of annotation data, as well as sequence length [320][268].
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2.2.2 Statistical methods

Throughout this thesis, we use statistical methods to test our hypotheses, for
example to learn about the distribution of a variable, find statistically significant
differences between two groups of samples, or select those data points that have
the highest predictive value in a classification task. In this context, the null
hypothesis H0 denotes the default assumption that there is no effect, e.g. that
there is no difference between the two groups of samples, and the alternative
hypothesis H1 represents the opposite. The goal of hypothesis testing is then
to find enough evidence to reject H0, which in turn supports H1 [321]. The
null hypothesis is usually rejected based on the p-value and/or the test statistic,
which are provided by the statistical test. The p-value is commonly defined as
the probability of observing the given test results, under the assumption that
H0 is true [322]. If this probability is equal or lower than the significance level
α, i.e. if p ≤ α, with α ∈ [0, 1], then the H0 is rejected, and the experimental
result is statistically significant. The most commonly used value for α is 0.05
[323].

Wrongfully rejecting H0 when it is true is called a Type I error, whereas failing to
reject a false null hypothesis is referred to as a Type II error [324]. In machine
learning, these are also called false positives (FP) and false negatives (FN),
respectively. A true negative (TN) is defined accordingly as not rejecting a true
H0, while correctly rejecting a false null hypothesis produces a true positive
(TP) [325].

2.2.2.1 Multiple hypothesis correction

When performing n hypothesis tests at a significance level of α then the expected
number of false positives purely by chance is equal to n×α, which increases the
Type I error rate. Multiple hypothesis correction adjusts the p-values derived
from the tests, in order to account for this problem.

Bonferroni correction [326] is a rather conservative method, meaning it leads
to a lower probability of Type I errors, but increases the risk of Type II errors
(false negatives). The corrected p-value p′ is calculated as:

p′ = p× n

This increases the p-values by a factor of n, meaning that fewer might fall
below the significance threshold α, causing the rejection of their associated null
hypothesis.

A less conservative approach for multiple hypothesis correction is the Benjamini-
Hochberg (BH) method [46]. Given n hypothesis tests, it first sorts the n p-
values in increasing order and assigns ranks based on the position in the sorted
list:

p1 ≤ p2,≤ · · · ≤ pn

The method then finds the largest rank i ∈ N, 1 ≤ i ≤ n where

pi ≤
i

n
× α

and finally rejects all null hypotheses where p ≤ pi.
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Whereas Bonferroni controls the probability of any FP occurring, BH keeps
control over the expected proportion of rejected null hypotheses that are actually
false positives, which is also referred to as the False Discovery Rate (FDR).

2.2.2.2 The normal distribution, and testing for normality

Some statistical methods, such as the independent t-test described in the next
section, assume that the data is (at least approximately) distributed according
to the normal distribution, and breaking that assumption can lead to unreliable
or misleading results.

A perfect, idealized normal distribution is defined by its characteristic bell shape
that is symmetrical around the mean value µ, which is equal to the median of the
distribution (i.e. the 50th percentile, where 50% of samples have higher values),
and to the mode (the most common value). Due to the symmetry around
the mean, the tail of the distribution can be defined by a single parameter, the
variance σ2, which is the square of the standard deviation σ. A higher σ denotes
a larger spread of the values [323].

If mean and variance are 0 and 1, respectively, then that is referred to as the
standard normal distribution. A realization x of a normally distributed variable
X ∼ N (µ, σ2) can be standardized by applying the z-score [324]:

z =
x− µ

σ

The Shapiro-Wilk test [327] is a statistical test for the null hypothesis that a
given sample was drawn from a normally distributed population. It produces
a p-value, along with test statistic W ∈ [0, 1], where higher values indicate
closeness of the variable to a normal distribution. The null hypothesis is rejected
if W is lower than a pre-defined critical value, or if p ≤ α for significance level α.
A rejection of H0 is an indication that statistical tests that assume normality of
the data should not be applied to the given set of samples. Whereas the initial
version of the test was restricted to n < 50 samples, Royston [328] created
a modified version that works for n < 2000, and then further adjusted it for
3 ≤ n ≤ 5000 [329].

When comparing eight statistical tests for normality, Yap and Sim [330] found
that Shapiro-Wilk (SW) was the most powerful test overall, and was particularly
strong for small sample sizes. Razali et al. [331] came to the same conclusion
when comparing SW to three commonly used tests for normal distribution.

2.2.2.3 Testing for differences of the mean between two groups

The two-sample t-test is a statistical test that aims to compare the means of
two groups of samples. Preconditions are that the two groups are independent
of each other, and that the data in each group is normally distributed. As for
requirements around the variances of the groups, two different versions exist:
The Student’s t-test [332], also called the pooled t-test, assumes equal variance,
whereas Welch’s t-test [333] assumes the variances to be unequal.
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The test statistic t for Welch’s t-test is calculated as:

t =
x̄1 − x̄2√︂
s21
n1

+
s22
n2

, where x̄i denotes the mean, si the variance, and ni the number of samples in
group i ∈ 1, 2 [334].

The formula for the test statistic t standardizes the observed difference in the
means of the groups (the numerator), by dividing it by its estimated standard
deviation (i.e. the standard error). The absolute value of t can now tell us
how many standard deviation units the difference is away from 0. The null
hypothesis H0 is that the population means µ1 and µ2 of groups 1 and 2 are
equal, i.e. that µ1 = µ2, while H1 is that µ1 ̸= µ2. The null hypothesis is
rejected when the absolute value of t exceeds a critical value t∗. This constant
is calculated from the degrees of freedom v and the significance level α, using
the underlying Student’s t-distribution. The value of v for Welch’s t-test is, in
turn, approximated from the sample sizes and standard deviations of the two
groups [334].

In contrast to this two-tailed t-test that tests for equal or different popula-
tion means by considering the absolute value of t, the one-tailed two-sample
t-test only considers one side of the distribution in order to test the alternate
hypothesis that one of the means is greater than the other. In this case, the
null hypothesis is still H0 : µ1 = µ2, while the alternate hypothesis is either
H1 : µ1 < µ2 or H1 : µ1 > µ2. This means that the direction (greater or
smaller) has to be known beforehand, as the test does not consider the other
direction. To account for the two sides in a two-tailed test, the value of the used
significance level α has to be divided by two before retrieving the value from
the corresponding table or software, which is not the case for one-tailed tests
[334].

Finally, the one-sample t-test checks for the alternative hypothesis that the true
(typically unknown) mean value µ of a population of samples is higher than,
lower than or unequal from the hypothesized population mean µ0, for the right-
tailed (H1 : µ > µ0), left-tailed (H1 : µ < µ0) and two-tailed (H1 : µ ̸= µ0)
variants, respectively, while the null hypothesis is denoted as H0 : µ = µ0. The
test statistic is given as:

t =
x̄− µ0

s√
n

, where x̄ is the observed mean of the sample group, n is the size of the group, s is
its standard deviation, and µ0 is the assumed mean of the underlying population.
The absolute value of the numerator becomes larger when the observed mean
x̄ diverges more from the hypothesized mean µ0, which is then standardized by
dividing through the standard error of the sample group, such that t is on a
scale of standard deviation units [334].

2.2.2.4 The ANOVA F-score

The one-way analysis of variance (ANOVA) F-test is a parametric test that
can find statistically significant differences between the means of more than
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two groups. We are going to use the F-score throughout this thesis to find and
remove variables from predictive models that do not show a significant difference
between two or more classes that the samples are assigned to [334]. For example,
we will encode proteins belonging to two or more classes (e.g. sugar carrier and
amino acid carrier) into fixed-length numeric vectors, and then remove positions
from these vectors that give the least amount of information about which of the
classes a protein is assigned to, based on training data (see Section 2.2.3.2). This
requires the meaning of a particular vector position i to remain constant across
all proteins. For example, the sequence position 1 could always contain the
normalized frequency of the amino acid alanine (see Figure A.1) in the protein
sequence, and we want to know if this variable shows significant differences in
the mean between different groups of transmembrane transport proteins.

The null hypothesis of the ANOVA F-test assumes that all m population means
are equal, whereas the alternative hypothesis is that any pair of means is dif-
ferent [334]:

H0 : µ1 = µ2 = · · · = µm

H1 : ∃i, j ∈ {1, 2, . . . ,m} : µi ̸= µj

As with the other statistical tests, the F-test produces a test statistic F, which
can reach or exceed a critical value F*, at which point the result is considered
to be statistically significant, meaning that the null hypothesis is rejected. This
critical value is, in turn, calculated from the F-distribution, with significance
level α and the two degrees of freedom df1 = I − 1, df2 = N − I as parameters,
where I is the number of groups and N is the total number of observations
across all groups. F itself is calculated by dividing the variations in the sample
means by the variation among individuals in the same sample [334].

Conditions for applying ANOVA include that the variables follow a normal
distribution, and that they have the same standard deviation, which can be
unknown [334].

2.2.2.5 Non-parametric tests

Tests that do not assume a specific distribution of the data are called non-
parametric statistical tests. This is useful, for example, in cases where we want
to perform a two-sample t-test, but the Shapiro-Wilk test tells us that the
requirement of normality is not fulfilled. Other solutions to that problem can be
data transformations, removal of outliers that stem from different populations,
or permutation testing, among others [334].

A non-parametric replacement for the two-sample t-test is the Wilcoxon rank
sum test [335], which is also called the Mann-Whitney U test in some statistics
software packages, like SciPy [336]. Wilcoxon and Mann-Whitney use different
test statistics W and U, respectively, that are different formulations of the same
concept, and always produce the same p-value [334].

As the name suggests, the Wilcoxon rank sum test uses ranks instead of raw
values. The requirement of independence between samples in the groups also
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applies to this test, meaning that samples should not be paired between the
groups (e.g. two sets of blood samples taken from the same group of patients
at two different times, in a clinical study). The null hypothesis is that the
samples in distinct groups 1 and 2 follow the same distribution. Accordingly,
the alternative hypothesis for the two-tailed variant is that the distributions are
not the same, while the one-sided variants test if group 1 contains, on average,
either larger or smaller values than group 2 [334].

The number of samples in groups 1 and 2 are denoted as n1 and n2, respectively.
The test first sorts the N = n1 + n2 combined data points from small to large,
and then assigns a rank r ∈ {1, . . . , N} to each. If multiple samples have the
same value then their ranks are averaged. The sum of all ranks of samples that
came from the first sample group is now the test statistic W. If ranks were
randomly assigned, then the average rank would be:

r̄ =
1 + · · · + N

N
=

N(N + 1)/2

N
=

N + 1

2

Following from that, the expected mean value µW of the sum W would be:

µW = n1 × r̄ =
n1(N + 1)

2

The standard deviation (following a different logic) is calculated as:

σW =

√︃
n1n2(N + 1)

12

Since the distribution of W approaches a normal distribution N (µ, σ) as the
sample size increases [334], we can now standardize W, and determine how
many standard deviations the observed rank sum W is away from the expected
mean µW. A sufficient distance can then be used as evidence to reject H0. The
associated p-value can be approximated from the standard normal distribution,
after standardizing W by applying the z-score

z =
W − µW

σW

, usually together with continuity correction, which improves the accuracy of
approximating the discrete W statistic with the continuous normal distribution
[334]. If group sizes are small, and no duplicate values that share the same
rank are present, then the exact distribution of W, which is calculated from all
possible combinations of ranks, is typically used to find a p-value, instead of the
normal approximation [337].

2.2.2.6 Correlation coefficients

Pearson’s correlation coefficient r ∈ [−1, 1] is calculated as:

r =

∑︁N
i=1(xi − x̄)(yi − ȳ)

(N − 1)sxsy

, from N pairs of values (xi, yi), i ∈ {1, . . . , N} belonging to the variables x and
y, where x̄ and ȳ are the means, and sx, sy are the standard deviations of the
two sample groups, respectively [323].
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It is a measure for the linearity of the relationship between two continuous
variables x and y. If the relationship is perfectly linear, meaning that the values
of x and y form a straight line, then r is either 1 if x increases as y increases, or
-1 in cases where x increases while y decreases. If one variable always remains
constant while the other changes then their correlation is undefined. In other
cases, the correlation coefficient takes on values in (−1, 1). A value of r ≈ 0
indicates that there is no linear relationship between x and y [338].

However, there could also be a non-linear relationship between x and y, which
can be found with rank-based correlation coefficients, such as Spearman’s rank
correlation ρ [339]. Spearman’s method sorts the values of x and y from small
to large and assigns integer ranks to them, starting from 1. By calculating
the Pearson correlation of these ranks, it can detect ascending or descending
monotonic relationships between two variables, which leads to positive and neg-
ative values of ρ, respectively. A value close to 0 indicates that no monotonic
association was found. Spearman’s rank is also applicable to ordinal variables,
whereas Pearson’s r requires x and y to be continuous. Furthermore, rank-based
correlation coefficients are more robust against outliers in the data [338][323].

Correlation analysis can be useful as a starting point for further testing, but
does not imply a causal relationship between the two variables, as a high corre-
lation can occur by chance, or it might be a result of an additional, potentially
unknown variable [338].

2.2.3 Machine learning methods

Throughout this thesis, we will be using algorithms that encode biological data
into numerical feature vectors, so that machine learning algorithms can learn
from them. These machine learning methods include unsupervised learning,
such as clustering, as well as supervised methods, in the form of classifiers.
Supervised learning means that there is a training dataset available where n
samples (in the form of d -dimensional feature vectors) were previously assigned
with class labels, e.g. a dataset of encoded transport proteins with known sub-
strates from annotation data. A supervised learning algorithm then learns to
associate the input values with the output, in order to predict class labels for
samples where class membership is unknown. Unsupervised learning methods,
on the other hand, group the samples based on the feature data itself, typically
through algorithms that are based on pairwise similarity measures, meaning
that no annotation data is required for training [325].

While we tested a variety of different classifiers, such as Random Forests (RFs),
K-Nearest Neighbors (KNNs) and even a single-layer perceptron, we found that
Support Vector Machines (SVMs) worked best for the prediction tasks we were
interested in. This makes sense, considering that SVMs are well-suited for
datasets with a large number of features and a rather small number of samples,
as long as the training data quality is good enough [325]. Since we only train
on Uniprot and GO data that has been manually verified by expert curators
which leads to datasets with fewer than 50 samples per class, as well as feature
vectors with upwards of 1,000 positions before feature selection, SVMs are our
primary choice as a predictive model.
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2.2.3.1 Support Vector Machines

Figure 2.19: Decision function, decision hyperplane (straight line) and margins (dashed lines)
of a linear SVM (C = 1) and a RBF-kernel SVM (C = 1, γ = 1) trained and evaluated on
three datasets, containing n = 100 samples (50 per class) and d = 2 features each. Every
change in contour level of the background color denotes an increase or decrease of the decision
function result by one; it is equal to zero at the decision boundary. Negative values of the
decision function, as well as the negative class, are colored in red. The three datasets were
each split into a training- and test set, in a stratified fashion. Both the training and test
sets were standardized using a z-score function derived from the mean and standard deviation
of training set. The SVMs were then optimized on the training data, and evaluated on the
test set. Samples from the test set have a lighter color, and samples from the darker-colored
training set that act as support vectors are marked by dashed circles. The mean test accuracy,
i.e. the average percentage of correctly classified samples across the equally-sized classes of
the test set, is written in the bottom right of each plot. Decision function values should only
be used as a confidence estimate between samples in the same plot, as the scales are not
normalized between the six examples. Dataset creation, SVM training and visualization were
performed with scikit-learn [56] and matplotlib [52].

Given n samples (e.g. n proteins) that are encoded by n feature vectors of length
d (such as fixed-size encodings that represent the protein sequence or 3D struc-
ture), as well as a binary class label for each sample (e.g. “sugar transporter”
and “amino acid transporter”), a Support Vector Machine (SVM) [340] aims
to find a hyperplane (meaning a (d − 1)-dimensional object in d -dimensional
space, like a straight line in 2D space, or a flat plane in 3D) that separates the
n samples in space, ideally corresponding to the class labels (see top-left panel
in Figure 2.19) [325].

More formally, the SVM is provided with a sample/feature matrix X ∈ Rn,d and
a vector y ∈ {−1, 1}n of known class labels, where -1 and 1 denote the negative
and positive classes, respectively1. Through a training process, the SVM finds

1Whereas the underlying math typically uses class labels y ∈ {−1, 1}n [341][340][342], other
literature [325], as well as some software packages [56], use the class labels 0 and 1 instead, as
this is the general convention for binary classifiers.
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a hyperplane defined by the equation

wTx + b = 0

, where w ∈ Rd is a vector of weights, b ∈ R is the bias that determines
the offset of the hyperplane from the origin, and x ∈ Rd is any feature vector
from sample space2. During the training process, fixed values for w and b are
determined based on the features and class labels in the training dataset (X,y).
Subsequently, the decision function f for a feature vector xi ∈ Rd, i ∈ {1, . . . , n}
is given as:

f(xi) = wTxi + b

The absolute value |f(xi)| of this function can be interpreted as a relative con-
fidence score for the prediction, since it is proportional to the shortest dis-
tance between the d -dimensional point xi and the decision-making hyperplane
at f(x) = 0. Dividing this absolute value by ∥w∥ then gives us the Euclidean
distance (this is important later). After determining w and b from the training
data, a predicted class label ŷi ∈ {−1, 1} for a sample xi can now be derived
from the decision function:

ŷi =

{︄
−1 if f(xi) < 0,

1 if f(xi) ≥ 0

The vector ŷ ∈ {−1, 1}n contains the predictions for all n samples in X [325].

Around the central hyperplane wTx + b = 0 that carries out the classification
task, the SVM defines two parallel boundary hyperplanes

wTx + b = 1

wTx + b = −1

, which together create a margin (see the three lines in the top-left panel of
Figure 2.19). In the original hard-margin approach to training SVMs, the un-
derlying optimization problem is solved in such as way that the samples with
the shortest distance to the central hyperplane, the name-giving support vec-
tors, are located exactly on these boundary hyperplanes, and no samples are
allowed to be inside the margin. Since this method is very sensitive to out-
liers, and also makes it impossible to train on datasets that are not linearly
separable (such as the top-middle plot in Figure 2.19), Cortes and Vapnik [340]
developed the concept of a soft margin, which allows a number of samples to be
inside the margin, and can cause to support vectors to not be located exactly
on the margin boundary. This soft margin is controlled through the regular-
ization3 parameter C, where lower values allow for more samples to enter the
margin around the central hyperplane. Samples are penalized for entering the
margin through a loss function, e.g. hinge loss or squared hinge loss. The loss
penalizes samples for entering the margin, while the C parameter controls how
much the SVM optimization algorithm is influenced by those penalties [342].
Lowering C can therefore reduce overfitting on the training data, by limiting

2Some software packages that provide access to these methods, such as scikit-learn [56],
commonly refer to w and b as coefficients and intercept, respectively.

3The process of generalizing a model by making it less sensitive to individual samples, in
turn preventing overfitting on the training data [325].
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the influence of individual samples on the width of the margin and position of
the decision boundary [325]. As the loss function is calculated as a sum over
all samples (discussed later in this section), a larger class contributes more to
its result than a smaller class, effectively pushing the hyperplane towards the
smaller class (e.g. when the full dataset has 50 positive and 500 negative sam-
ples). To counteract this problem, it is common to multiply the parameter C
with a different class weight for each class. Samples from the smaller class get
a larger weight and vice versa, typically it is inversely proportional to the class
size [342][56].

While the soft-margin approach theoretically makes training possible on any fea-
ture dataset, there are still many cases where a simple hyperplane does not yield
a usable predictive model, as the classes are not linearly separable (e.g. second
and third panel on the first row of Figure 2.19). One solution to this problem is
to map the feature dataset to a higher-dimensional space, where a hyperplane
is then capable of linearly separating the classes. For example, a feature vector
with a single feature dimension x1 could be mapped to a higher-dimensional
space by adding a second feature x2 = ϕ(x1) = x2

1 through a function ϕ(x).
The resulting parabola in R2 can now be cut into two pieces by a straight line
(which is the shape of a hyperplane in R2), allowing more datasets to be linearly
separated. This is called a (second-degree) polynomial feature transformation
[325].

The actual SVM training process solves an optimization problem that tries to
maximize the width of the margin by finding appropriate values for the afore-
mentioned weight vector w and bias b, while also including the regularization
parameter C, the class weights and the loss function, that together potentially
allow a portion of samples to enter the margin (see e.g. the top-center panel in
Figure 2.19)[342]. After putting everything so far together, we arrive at the pri-
mary optimization problem for a SVM with soft margin, feature transformation,
class weights and l2 norm penalty [342]:

min
w,b,ξ

1

2
∥w∥2 + C+

∑︂
yi=1

ξi + C−
∑︂

yi=−1

ξi

subject to yi(w
Tϕ(xi) + b) ≥ 1 − ξi

ξi ≥ 0, i ∈ {1, . . . , n}

, where w ∈ Rd is the vector of weights (coefficients), and b ∈ R is the bias
(intercept), both of which get optimized. Minimizing the penalty term 1

2∥w∥2
under the constraint effectively maximizes the width of the margin [325]; This
would be the only objective in the hard-margin problem. As mentioned before,
the Euclidean distance between any sample xi ∈ Rd and the central hyperplane
is calculated as

|wTxi + b|
∥w∥
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. Minimizing the penalty term also minimizes ∥w∥, thereby maximizing the
distance4. The remaining loss terms in the objective function then introduce
the soft margin, where C+, C− ∈ R are the regularization parameters for the
positive and negative class, after applying the two class weights to the parameter
C. The symbol yi ∈ {−1, 1} denotes the class (positive or negative) of sample
i ∈ {1, . . . , n}, and ξi ∈ R is its result of the loss function that penalizes samples
inside the margin. The regularization parameter C therefore adjusts how much
influence the loss function has on the objective. The feature vector of sample i
is xi ∈ Rd, and ϕ is a feature transformation function, such as the polynomial
feature transformation mentioned above5. Finally, the constraint effectively
forces samples to stay outside the margin, as the result of the decision function

f(xi) = wTϕ(xi) + b

for a sample located inside the margin would be in the range (−1, 1), due to the
fact that the margin hyperplanes are defined by f(x) = ±1. Including ξi in the
constraint potentially allows a number of samples to break that rule, leading to
a soft margin. A common loss function is the hinge loss:

ξi = max(0, 1 − yi · f(xi))

, which increases linearly after a sample xi with class yi ∈ {−1, 1} enters the
margin space defined by |f(xi)| < 1, and is 0 when the sample is located on
or outside the margin boundary. As the name suggests, the alternative squared
hinge loss function is calculated as the square of the hinge loss [343]. Hinge loss
and squared hinge loss are also commonly referred to as L1-loss and L2-loss,
respectively, while using the Euclidean l2 norm in the penalty term is called
L2-regularization, and replacing it with the Manhattan norm l1 would be L1-
regularization [343].

Unfortunately, the approach of directly transforming the features with the func-
tion ϕ does not scale very well, and becomes very computationally intensive for
larger datasets. There is, however, a way to achieve the same, or an even
more optimal result, trough a mathematical trick. To this end, the SVM op-
timization problem described above is replaced by its dual problem, which is
a different constrained optimization problem that, in case of SVMs, has the
same optimal solution as the original primal problem6 of finding w and b. The
dual problem can be directly derived from the primal problem [341][325]. One
big advantage of this replacement is that kernel functions can now be intro-
duced into the optimization objective. This kernel trick, which was introduced
by Boser et al. [341], allows us to create a SVM that behaves as if the sam-
ples had been feature-transformed into a higher-dimensional space where they
are (potentially) linearly separable, without actually having to do that, which
considerably reduces the computational complexity [325]. Alternatively, ker-
nel approximation methods [344], such as Nyström [345] and Random Fourier

4We minimize 1
2
∥w∥2 term instead of just ∥w∥ because that expression would not be

differentiable at w = 0, whereas the former simply has w as its derivative. Optimization
algorithms work better on differentiable functions [342][325]. The penalty is also commonly
written as the equivalent 1

2
wTw [342]

5The feature transformation could transform xi to a higher-dimensional space Rd′ , d′ > d,

in which case that the weight coefficients w would also be in Rd′

6The primal problem needs to meet a set of conditions to have a dual problem with the
same optimal solution, which that of the SVM optimization problem does [325]
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Figure 2.20: Figure adapted from Géron [325] that shows an example for a feature trans-
formation with a radial basis function (RBF). In the left plot, nine samples belonging to two
classes (blue squares and green triangles) only have one numerical feature x1, with which they
can not be linearly separated. Two samples (red circles) are selected as landmarks, and bell
curves are drawn with those samples as their mean, while the variance is inversely proportional
to the RBF parameter γ. For each remaining sample, the similarity is calculated according
to the RBF function, and these similarity scores now make up the new, higher-dimensional
feature space in the right plot, which is linearly separable by a 2D hyperplane (i.e. a straight
line).

Features (RFF) [346], can be used together with linear, primal-problem SVMs
as described above, where they approximate the transformation matrix of a
kernel based on training data, and fully transform the data before passing it
on to the linear SVM. This delivers faster results and scales much better with
larger datasets, but can lead to different results, and introduces an additional
parameter [345][346].

Besides a linear kernel that behaves as the linear SVM described above, and a
polynomial kernel that corresponds to the polynomial feature transformation,
another commonly found kernel relies on a radial basis function (RBF). The idea
behind this approach is to select a subset of samples as landmarks, and then
measure the distance between any sample x and each landmark l according to
the function

ϕγ(x, l) = ( − γ∥x− l∥2)

, where ∥x − l∥2 is the squared Euclidean distance between feature vectors x
and l (see Figure 2.19) [342]. With γ = 1

2σ2 , this is essentially a Gaussian
function (i.e. a bell curve) with mean value l and variance σ2 (see Figure 2.20).
Larger values of γ therefore create a bell curve around l that is more narrow
[325]. The result of this similarity measure is a value in [0, 1], where a value
of 0 is reached when the other feature vector x is located outside of the bell
curve defined by γ and l , and ϕγ(x, l) = 1 means that x is located directly
in the middle (x = l). By limiting the width of the bell curve around each
landmark, a larger γ can limit the influence that each sample has on the newly
created feature dimensions and therefore on the decision boundary, meaning
that γ is another regularization parameter that can reduce overfitting, similarly
to C [325]. How exactly C and γ work together to cause or prevent overfitting is
shown in Figure A.5, where we sampled and visualized the decision functions of
different parameter combinations on a toy dataset that is not linearly separable
in its original form, using a SVM with RBF kernel.
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Many datasets have more than two labels, meaning that the samples are not
just assigned to a positive and negative class, but to three or more. We might,
for example, be interested in not just telling apart sugar transporters from
amino acid transporters, but also include a third or fourth substrate class that
a protein can carry across a membrane. Formally, this would mean there are no
more positive and negative class labels y ∈ {−1, 1}, but instead each of the m
classes is assigned a label y ∈ {0, . . . ,m − 1}. While SVMs are not inherently
multi-class, they do support this type of classification through different types of
voting schemes. In the one-vs-rest (OvR) approach, a binary SVM classifier is
trained to distinguish one class from all others, and this process is repeated for
all classes. The final prediction is typically selected based on average normalized
confidence scores. With the one-vs-one (OvO) method, a SVM is trained for
each combination of two classes, and the class that was selected the most in these
pairwise comparisons is voted as the overall result. While the latter method
usually leads to more optimal results, as the “rest” class in OvR can be quite
noisy, it also comes with an increased computational complexity, as the number
of SVMs that need to be trained grows exponentially with the number of classes

in the dataset (m(m−1)
2 models for m classes). However, the runtime of SVMs

also grows exponentially with the size of the training dataset, it can be in
O(n×d) for highly optimized linear SVM algorithms [343], and up to O(n3×d)
for kernelized SVMs with RBF kernel [342], when training on a dataset of n
samples and d features. Therefore, a OvR approach where the “rest” class is
very large can often be slower [325].

In the first half of this chapter, we found that many transport proteins carry two
or more substrates, and in many cases, this is reflected by the amino acid residues
in their binding pockets. This means one protein can be in multiple classes at
the same time. One solution to that problem is multi-label classification. In
practice, this means that the m class labels y ∈ {0, . . . ,m− 1} from the multi-
class problem are now replaced by n binary vectors y ∈ {−1, 1}m, which are
arranged into a target matrix Y ∈ Rn×m. The element Yi,j is then a binary
value that denotes whether sample i is a member of class j. Some machine
learning algorithms inherently support multi-label classification, such as a deep
neural network (DNN) that has multiple nodes in its output layer. Multi-output
classification is a type of multi-label classification where all classes in y are
treated independently (which is typically not the case for multi-label DNNs),
meaning that the model can not learn from co-occurrences of classes. We can
create a SVM-based multi-output classifier by training a binary SVM for each
of the m classes in the dataset. Another option for implementing a multi-label
SVM would be to calculate class probabilities during training, through Platt
scaling [347], which has been extended for the multi-class case [348]. Each
position in the target vector is then assigned to the positive or negative class
according to its probability score (e.g. by applying a threshold, or a window
around the highest score) [325][56].

Since distances are calculated based on real numbers from the feature vectors,
SVM training can be influenced by the scales of the individual features. The
feature vector positions are therefore brought to the same scale, most commonly
by replacing them with their z-scores, or by linearly scaling them to the same
range, e.g. to [0, 1] (the latter of which is more susceptible to outliers) [325].
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2.2.3.2 Feature selection and dimensionality reduction

One issue with biological datasets is that they often have many features, but
few samples available for training. Each reliable sample first requires costly lab-
experiments and subsequent peer-reviewed publications. Inferred or predicted
data can increase the sample size, but potentially decrease reliability. On the
other hand, as soon as we have a protein sequence and know its function, we
can encode this sequence with various algorithms [349], find sequence domains
or families [300][350], find or predict the 3D structure with the PDB [264] or
Alphafold [274] and then create structural features [351], and much more.

While SVMs excel at these types of datasets compared to other classification
algorithms in terms of runtime complexity (see Section 2.2.3.1), reducing the
number of feature dimensions can still be beneficial to both the training time
and prediction accuracy. Noisy and/or redundant data, where the number of
feature dimensions d is much greater than the number of samples n, can cause
the model to fit to the noise, instead of finding patterns that have statistical
relevance for the prediction. This so-called curse of dimensionality can cause
models to over-fit7 on their training data, as well as increases the usage of
computational resources during training and prediction [325].

Methods that reduce the number d of feature dimensions of each sample can be
classified into two different categories. On one hand, feature selection removes
the same positions from each feature vector according to a metric, while keeping
the rest of the original vector. One the other hand, methods that fall under
dimensionality reduction map the original d -dimensional sample space to a new
coordinate system with a lower number of dimensions, replacing the original
vector with a new one. In both cases, the goal is to keep information that is
relevant to the predictive model, while removing redundancy and noise. While
decreasing the number of elements in the feature vectors can be one solution to
the curse of dimensionality, others would be to increase the number of samples
through oversampling methods from e.g. the imbalanced-learn package [352], or
to identify outliers through hierarchical clustering [353].

Possibly the most commonly used dimensionality reduction technique in ma-
chine learning is the principal component analysis (PCA) [354]. The first prin-
cipal component, often labeled PC1, is the axis along which the highest variance
can be found in the dataset. The second principal component is then perpendic-
ular to the first, and points towards the largest amount of remaining variance. In
total, PCA finds d principal components in a d -dimensional dataset, where PCi

is perpendicular to the first i-1 principal components PC1, . . . , PCi−1. Now we
can calculate the amount of variance in the data that is explained by the first
i ≤ d principal components as a running sum, starting with PC1, and then stop
adding more PC’s when enough variance is explained by PC1, . . . , PCi. If i < d
and the explained variance is close to 100% (e.g. more than 95%) then we have
successfully reduced the number of dimensions, without losing much informa-
tion in the process [325]. In practice, the number of principal components to
choose is often determined through hyperparameter optimization, as explained

7Overfitting on the training data means that the model only works well on this specific
dataset, whereas a generalized model can also be applied to previously unseen data.
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in Section 2.2.3.5. The first two or three principal components are often used
to create plots of higher-dimensional datasets and classifiers [325].

One method for feature selection already comes with the liblinear [343] SVM
implementation, in the form of L1-regularization [355]. In the SVM optimization
problem from Section 2.2.3.1, the expression 1

2∥w∥2 is the penalty term that
aims to maximize the margin. As per convention, the l2-norm ∥w∥2, which
is the Euclidean distance between w and the origin, is often written as ∥w∥.
Generally, an lp-norm is defined as

∥w∥p =

(︄
d∑︂

i=1

|wi|p
)︄ 1

p

in the d -dimensional sample space. Replacing the (Euclidean) l2 norm in the ob-
jective function with the (Manhattan) l1 norm (i.e. replacing 1

2∥w∥2 with simply
∥w∥1 [355]) encourages sparsity in the weight coefficient vector w. In a sparse
weight vector, multiple positions are set to zero, meaning the corresponding
positions in a feature vector x are multiplied with those zeroes in the decision
function f(x) = wTx + b, and no longer affect the result. As this mostly hap-
pens to features that are redundant, the 1-norm SVM effectively comes with
built-in feature selection [355]. The current standard SVM implementations
[342][343][56] do not support L1 regularization and the kernel trick at the same
time, meaning that kernel approximation methods [344] such as Nyström [345]
or Random Fourier Features [346] would have to be used to transform datasets
that are not linearly separable to a higher-dimensional space, before passing
them on to a linear SVM. This can speed up the training time, but can also
deliver different results than kernelized SVM models that calculate the genuine
kernel matrix [345][346].

Univariate feature selection involves the calculation of a score for each indi-
vidual feature, such as the ANOVA F-score (Section 2.2.2.4). Each score is a
measure for how well the feature can separate the classes, and the k highest
ranking features, or the top p%, are selected for the model, while the remaining
feature vector positions are removed from all samples. To achieve meaningful
evaluation results, the positions have to be selected based on training data,
without knowledge of which values these features have in the subset used for
testing. As mentioned before, the null hypothesis of ANOVA F-test is that
the mean values of a feature xi are the same across all target classes that the
samples belong to, whereas the alternative hypothesis is that it is different be-
tween any pair of these sample groups. To this end, we calculate the F-score,
which is the variance of the feature between groups, divided by the variance
of the feature within groups. Larger scores can therefore be used as evidence
against the null hypothesis [334]. Instead of calculating p-values, one typically
optimizes the parameters k or p through hyperparameter optimization, which
is explained in Section 2.2.3.5. An alternative to the F-score for non-negative
and whole-numbered features is the χ2-score, which is the test statistic of the
non-parametric χ2 test [356].
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2.2.3.3 Evaluation

The purpose of evaluating a supervised machine learning model is to estimate
how well it fits the given dataset, and simulate its performance on previously
unknown data. To create the SVM models for Figures 2.19 and A.5, we split
the dataset into two parts: one part for training, and one part for testing the
trained model. It is important that the model does not know anything about
the test set before the evaluation, and models should ideally not be modified
to optimize the score on the test set. To avoid information-sharing with the
testing data, any constants used by pre-processing methods, such as mean and
standard deviation for the z-score, should be derived from the training set, and
then applied in the same way to both subsets. For smaller datasets, a stratified
split can help in getting more accurate evaluation results, by making sure that
the ratio between classes in the subsets remains as close as possible to that in
the full dataset [325].

After performing the test, we can now compare the predicted classes for the
test set to the known classes, to see how many samples were classified correctly.
Each sample is assigned to one of four groups: the true and false positives (TP
and FP), as well as the true negatives and false negatives (TP and FN). A
sample in the test set that actually belongs to the positive class is either a TP
or a FN, depending on whether it was classified correctly, whereas a negative
sample is either a true negative or a false positive.

A wide selection of metrics exist that are calculated from these four counts, and
the best choice of metric depends on the dataset at hand. Possibly the simplest
metric is the accuracy [325], which is equivalent to the percentage of correctly
classified samples:

Accuracy =
TP + TN

TP + TN + FP + FN

One problem with this metric is that it does not work very well for imbalanced
datasets. If 95% of the dataset belongs to the positive class, then a classifier
that always classifies any sample as positive would have a 95% accuracy.

Precision and recall are often calculated together, as they give a good overview
of the model’s predictive performance [357]:

Precision =
TP

TP + FP
Recall =

TP

TP + FN

The precision score describes the reliability of positive predictions, whereas a
higher recall means that the model has good classification performance on actual
positive samples in the dataset (which are either classified as TP or FN). There
is a trade-off between precision and recall, where an increase of one of them
leads to a decrease of the other [325]. In the example of a medical diagnosis test
for a disease, the precision tells us how much we can trust a positive diagnosis,
the recall or sensitivity denotes the likelihood that a sick patient is diagnosed
correctly as positive.

To get a balanced model that sits between those two options, we can optimize
for the F1 score, which is defined as the harmonic mean between precision and
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recall [357]:

F1 =
2 · precision · recall

precision + recall
=

2TP

2TP + FP + FN

Using the harmonic mean makes sure that both precision and recall have to be
high for F1 to have high values [325].

Since none of these three scores pay attention to the true negatives in any way,
in those cases where that is important, they are often used in conjunction with
the specificity :

Specificity =
TN

TN + FP

, which describes the performance of the model on negative samples from the
test set [357]. In the previous example of the medical diagnosis test, a higher
specificity means that healthy (actual negative) patients are more likely to be
classified as healthy (predicted to be negative).

Recall is also called sensitivity [357], and the arithmetic mean of sensitivity and
specificity is the balanced accuracy score [358]:

Balanced Accuracy =
(Sensitivity + Specificity)

2

When the two classes can not be seen as a “true vs. false” test result, for example
in cases where we try to predict if a transporter protein carries substrate A or B,
then we need to calculate some of these scores in either direction, and take the
average. This is necessary because F1, for example, does not treat positives and
negatives in the same way, meaning that always labeling A as the positive class
and B as negative, or vice-versa, would lead to misleading results. There are
three different methods for calculating the average F1 score: The macro-average
is calculated for each class individually:

Fmacro
1 =

1

m

m∑︂
i=1

F i
1

, while the micro-average is calculated from all of the TP/TN/FP/FN across
all classes instead. A middle-ground between the two is the weighted macro-
average, which calculates F1 scores for each class individually, but then scales
them according to the number of elements in that class, meaning that smaller
classes have smaller contribution to the score. The macro-average is preferred
for imbalanced datasets where the class size is not relevant, as it treats all classes
equally [325]. For our substrate prediction models, we therefore calculate the
macro-averaged F1.

Whereas the balanced accuracy ignores the false positives, and the F1 score does
not pay attention to false negatives, there is a score that combines all of them
into one. The Matthews Correlation Coefficient (MCC) [359] returns a value in
[−1, 1], and can be interpreted as the correlation between the predictions ŷ and
the known true values of the test set y:

MCC =
TP · TN − FP · FN√︁

(TP + FP )(TP + FN)(TN + FP )(TN + FN)



72 CHAPTER 2. BACKGROUND

Figure 2.21: ROC and PR curves for the linear SVM model from Figure 2.19. The corre-
sponding metrics were calculated from the decision function, with class label 1 as the positive-
and 0 for the negative class. The linearly separable dataset shows an example of a perfect
elbow curve, the classifier on the moons dataset still shows adequate performance, and the
SVM on the circles dataset is close to a dummy classifier that performs a uniform random
draw (dotted line).

The MCC is equivalent to the Pearson correlation coefficient (see Section 2.2.2.6)
between two binary variables [357]. The previously mentioned metrics return a
value of 0.5 for a classifier that makes predictions based on a uniform random
distribution in cases where the dataset if perfectly balanced (i.e. all classes are
equally large), and a lower value simply means that predictions are worse than
the random classifier. In contrast to that, the MCC can actually find a negative
correlation between the predictions and the actual labels (negative values), while
the uniform random classifier will lead to no correlation (close to zero), and a
positive correlation has a positive MCC.

A common way to visualize the trade-off between precision and recall is to draw
a precision-recall (PR) curve (see bottom row in Figure 2.21). Instead of using
the actual class labels y and the predicted labels ŷ to count the TP/TN/FP/FN
and derive the score from that, the PR curve is calculated from the true values
yi, i ∈ 1, . . . , n, and their decision function values f(xi), where n is the number
of samples, and xi is the feature vector for sample i. Sweeping through all
observed values of the decision function then allows us to visualize how well
the selected decision boundary can separate the classes. The PR plot can be
converted into a performance metric PR-AUC ∈ [0, 1], by calculating the area
under the curve. The resulting score is also called average precision (AP).

Replacing the precision in the PR plot with the false positive rate (FPR)
( FP
FP+TN ) turns it into the more commonly used receiver-operator characteristic



2.2. COMPUTATIONAL TOOLS AND DATA SOURCES 73

(ROC) curve (see top row in Figure 2.21). In this case, the recall is referred to
as the true positive rate (TPR), which is a third name for the score besides sen-
sitivity. This curve can also be converted into a performance metric in the range
[0, 1] by calculating the area under the curve (ROC-AUC). The PR curve is usu-
ally preferred in cases where the positive class contains few samples, or when
false positives are more important than false negatives. In the former case, the
ROC curve can be inaccurate [325]. Since some of our substrate classes have
a very low sample count, optimizing models with the macro-averaged Fmacro

1

score would be most appropriate.

In conclusion, the one-sided precision, recall and F1 scores are a good choice
when caring more about the positive class than about the informative value of
negative predictions, since the true negatives (and the total number of samples)
are ignored during their calculation. This is especially useful when the positive
class only has a small number of samples available, as those will have a larger
influence on the results compared to other metrics. Calculating their macro-
average then makes those scores applicable to multi-class applications, as well
as to binary tasks between two classes that represent categories (e.g. sugar vs.
amino acid transporter), instead of positive or negative test results. Since the
specificity of the positive class is equal to the recall of the negative class, the
Fmacro
1 score also includes the true negatives, albeit indirectly. The balanced

accuracy shows the average performance of the model on the actual samples,
e.g. the arithmetic mean of how likely a sick patient is classified as sick, and
a healthy patient as healthy. The MCC allows us to analyze the linear rela-
tionship between actual values and the predictions for the test set. In contrast
to the other scores, we can also find a strong negative correlation. On the
other hand, it is not possible to take this score apart into two separate scores,
such as sensitivity/specificity or precision/recall, or to compare the one-sided
F1/recall/precision to their respective macro-averages in order to gain addi-
tional insights. Finally, the ROC-AUC and AP scores (see Figure 2.21) give us
a measure for how well the optimized decision boundary can separate the two
classes, at different thresholds of the decision function.

2.2.3.4 Cross validation

Regardless of the performance metric used to evaluate the classifier, the eval-
uation results can still depend on the choice of the training set. For example,
there might be a sub-group of samples in a class that form their own cluster, and
not including enough of these samples in the training set can put them on the
wrong side of the decision boundary when predicting classes for the test set. To
get an estimate for how well a model generalizes on a dataset, and potentially
uncover problems with the dataset creation and pre-processing methods, we can
perform multiple of these train-test splits, and then calculate the average score
across all of them. Splitting the dataset k times, in a way where each individual
sample appears in the test set exactly once across all splits, is called a k -fold
cross validation. In a stratified cross validation, the fraction of positive and
negative samples is kept as close as possible to that of the original dataset. To
get an even better estimate of generalization, the dataset can be shuffled mul-
tiple times, a cross validation is then applied after each shuffle, and an average
score across all shuffles is calculated. If k = n splits are performed in a dataset
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of n samples, meaning that each test set only contains one sample, then that
is called a leave-one-out cross validation (LOOCV), which can especially useful
for datasets with few samples [325].

In order to achieve a reliable evaluation, some parameters need to be determined
on the training set only, to avoid information from the test set influencing the
model optimization process. This includes, for example, the mean and average
for the z-score with which each feature is standardized, the number k of best
features to keep according to the ANOVA F-score, or the number of principal
components select. Pipelines are data structures that allow for those steps, such
as preprocessing, feature selection, oversampling and SVM classification, to be
combined into one model, which can fit and transform training and test data
separately [56][325].

2.2.3.5 Hyperparameter optimization

Over the last sections, the machine learning model has accumulated several pa-
rameters, including the type of pre-processing method to apply (e.g. standard-
ization or scaling to a range), the number k of best features to keep according
to the ANOVA F-score (or how many principal components to take), the cost
parameter C that controls the SVM soft margin, and the gamma parameter
of RBF kernel that determines the influence of each individual sample on the
decision boundary. As shown in Figure A.5, optimizing these parameters can be
quite important for a good model performance, and for prevention of overfitting
and underfitting. One option would be to reduce the number of dimensions to
the first two or three principal components and then create a number of plots
to compare. A more reliable and automated approach for higher-dimensional
data is to try all combinations of parameters. In grid search, a parameter grid
is provided, containing one or multiple values for each model parameter (e.g. in
Figure A.5, that grid was C ∈ {0.1, 1, 10}, γ ∈ {0.1, 1, 10, 100}). The model then
tries all possible combinations of parameters and evaluates the resulting models
using a performance metric. To avoid overfitting, a k -fold cross validation is
performed, and scores for all parameter combinations are calculated for each
individual train/test split. The best set of parameters is then finally selected
based on the highest average score across all k cross-validation splits [56][325].
The performance metric with which the model is evaluated can be selected to
achieve a particular goal, e.g. Fmacro

1 or balanced accuracy to get a model that
performs equally well on all classes, or recall to eliminate false negatives in a
medical diagnosis test (see Section 2.2.3.3).



Chapter 3

Optimized Data Set and
Feature Construction for
Substrate Prediction of
Membrane Transporters

The contents of this chapter were published in the Journal of Chemical Infor-
mation and Modeling, under the title Optimized Data Set and Feature Con-
struction for Substrate Prediction of Membrane Transporters [349]. The raw
data, along with all the code that was implemented, is available for download
at https://github.com/adenger/subpred3.

3.1 Abstract

Alpha-helical transmembrane proteins termed membrane transporters mediate
the passage of small hydrophilic substrate molecules across biological lipid bi-
layer membranes. Annotating the specific substrates of the dozens to hundreds
of individual transporters of an organism is an important task. In the past, ma-
chine learning classifiers have been successfully trained on pan-organism datasets
to predict putative substrates of transporters. Here, we critically examine the
selection of an optimal data set of protein sequence features for the classification
task.

We focus on membrane transporters of the three model organisms E. coli, A.
thaliana, S. cerevisiae, as well as human. We show that organism-specific clas-
sifiers can be robustly trained if at least 20 samples are available for each sub-
strate class. If information from position-specific scoring matrices is included,
such classifiers have F1 scores between 0.85 and 1.00. For the largest dataset
(A. thaliana), a 4-class classifier yielded an F-score of 0.97. On a pan-organism
dataset composed of transporters of all four organisms, amino acid and sugar
transporters were predicted with an F1 score of 0.91.
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Figure 3.1: Graphical abstract outlining the general idea behind the project. After deter-
mining the amino acid sequence of a transport protein, it is encoded into a machine learning
(ML) feature. A supervised model has been trained on sequences of proteins, along with their
known substrates. The trained algorithm can then predict the substrate class of the protein
from its sequence, e.g. to tell whether it carries sugars or amino acids.

3.2 Introduction

Membrane transporters are integral membrane proteins that mediate the pas-
sage of molecules across biological membranes. In case of substrate uptake, they
typically enable the passage of one or a few types of ions, amino acids, lipids,
or sugars into cells. Exporters may have broader specificities, such as xenobi-
otics. Identifying the specific substrates of a given transporter by the means
of experimental assays is difficult and labor intensive. Hence, bioinformatics
analysis may be helpful in predicting putative substrates, which can be tested
subsequently in targeted experiments.

An important data source in this field is the Transporter Classification Database
(TCDB) [118], which provides structural, functional, mechanistic, evolutionary
and disease/medical information for more than 10,000 non-redundant trans-
port systems, and categorizes them into over 1,000 transporter families. Trans-
portDB [297] provides precompiled genome-wide information about annotated
membrane transporters for more than 2,500 organisms, including their sub-
strates. The UniProt database [360] provides transporter and substrate annota-
tions as well in their UniProt Keywords database, and through Gene Ontology
(GO) [47] annotations.

In the past years, machine learning (ML) methods have been successfully applied
in the field of protein functional annotation [361]. ML methods were found to
be capable of predicting the transport mechanisms of membrane transporters
[362], and their putative substrates [363], with good success.

By analyzing transport proteins categorized according to the TCDB system,
Barghash and Helms [38] found that sequence similarity is suitable for predicting
broad categories, such as the transport mechanism, but less so for determining



3.3. METHODS 77

individual substrates. The latter is more likely to rely on small recognition sites,
which can influence the frequency of some amino acid types in the sequence,
through their residue composition [364].

So far, the prediction of transported substrates was mostly carried out using
sequence-derived ML features. While motifs associated with membrane proteins
show a relatively high conservation, substrate specificity is often determined by
a small subset of sequence positions and amino acid types [365, 26]. Ideally,
this difference in sequence composition between the substrate classes (i.e. the
transport protein sets corresponding to the transport of a particular substrate)
is then recognized by the machine learning algorithm.

Schaadt and Helms [366][39] generated protein fingerprints based on amino acid
composition (AAC) and pair amino acid composition (PAAC) of transporters
in A. thaliana. Redundant sequences were removed if their sequence identity
exceeded 90%. The proteins were classified into four substrate classes (amino
acids, oligopeptides, phosphates, and hexoses), with an accuracy of about 90%.

Then, using a pan-organism dataset derived from UniProt and applying a
70% sequence similarity threshold, Mishra et al. [40] trained a Support Vector
Machine (SVM) that classified transport proteins into seven substrate classes
(amino acid, anion, cation, electron, protein/mRNA, sugar, and other) based
on AAC, PAAC, physico-chemical composition, biochemical composition, and
position-specific scoring matrices (PSSM), with an accuracy between 67% and
84%. Subsequently, Alballa et al. [367] used the same dataset and achieved ac-
curacy scores between 89 and 97%, as well as a Matthews Correlation Coefficient
(MCC) of 0.69.

As mentioned above, most previous authors have analyzed pan-organism data-
sets of transporter-substrate annotations. However the influence of individual
organisms, the issue of sequence homology between training and test data set,
and the effect of outliers were not systematically assessed.

In this work, we revisit the task of classifying membrane transporters accord-
ing to substrate classes based on a dataset compiled from a recent release of
UniProtKB/Swiss-Prot. We focused on four comparatively well-annotated or-
ganisms, namely E. coli, S. cerevisiae, A. thaliana and human. We tested how
well the organism-specific classifiers work in comparison to a multi-organism
classifier, and examined the influence of sequence homology on the results.
Also, we present a data pipeline for creating specialized membrane transporter
datasets from UniProt, and our strategies for removing outliers.

The main findings of our study are that the sample count in training data sets
matters strongly, and that organism-specific models are not well transferable
to other organisms. Both arguments speak in in favor of training substrate
prediction models on multi-organism data sets, for the time being. This will be
particularly helpful when turning to deep learning methods in the future.

3.3 Methods

The developed pipeline for membrane transporter substrate prediction consists
of three steps. First, a dataset of transmembrane transport proteins is com-
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Figure 3.2: The membrane transporter dataset creation pipeline. A custom dataset is
downloaded from UniProtKB/Swiss-Prot, with the necessary columns. After removing sam-
ples with missing data, and excluding proteins without experimentally proven existence, the
dataset is filtered with several inclusion- and exclusion-lists. The final dataset contains iden-
tifiers, gene/protein annotation data, cross-references to other relevant databases, as well as
the protein sequence.

piled from publicly available data sources, and filtered according to the user’s
specification. The biological properties of these proteins are then encoded into
fixed-size feature vectors. Finally, a machine learning model is trained on the
data, and tested in a cross-validation approach, using the sklearn Python pack-
age [56].

This model can then be used to predict substrate classes of previously unknown
transport proteins, from the sequence alone or by incorporating additional data
if it is available.

Jupyter notebooks are provided for all three steps (automatic compilation of
dataset, computation of features, training of the classifiers).

3.3.1 Dataset creation

The dataset of membrane transport proteins with known substrates is derived
from the manually curated Swiss-Prot database [360]. First, all proteins whose
existence has not been experimentally proven at transcript or protein level,
as well as proteins with incomplete sequences, are removed from the dataset.
Next, the dataset is filtered for proteins that are annotated with a set of
UniProt keywords. These keywords belong to three categories: 31 substrate
keywords (e.g. sugar transport, amino acid transport), 16 transport-related key-
words (e.g. antiport, ion channel), and 11 location keywords, such as cell mem-
brane or mitochondrion. The full list of keywords is given in the supplementary
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material as Appendix B.2. The dataset can also be filtered for proteins from a
specific organism, or a list of organisms, by providing a list of taxonomy identi-
fiers. The dataset is then annotated with data from related databases, such as
the Transporter Classification Database (TCDB) [118], and the Gene Ontology
(GO) [47]. An overview of the dataset generation pipeline is provided in Figure
3.2

Finally, the dataset is clustered based on sequence identity to reduce redundancy
on the sample axis, using the program cd-hit [317].

3.3.1.1 Handling of multilabel data

Some transport proteins are annotated with multiple substrates. While most
previous studies, such as those of Mishra et al. [40] and Alballa et al. [367],
decided to remove all proteins with more than one reported substrate from the
training dataset, we implemented two additional ways of dealing with multi-
label proteins. Which of these methods is the most suitable one depends on the
dataset at hand.

The first option would be to keep the multi-label proteins, and create new classes
for them. This is only useful when enough samples are available for the new
combined class, e.g. sodium/potassium pumps.

The second option, called integrate, only removes multi-substrate transporters
from the dataset if more than one of these substrates is the subject of the clas-
sification task (e.g. turning amino acid/ion symporters into amino acid trans-
porters, when only trying to tell amino acid transporters apart from sugar trans-
porters). This can increase the number of available data points, but has the
potential to add outliers to the dataset.

A third option would be the usage of a classifier that supports multi-label data,
such as K-nearest-neighbors (KNN). Due to the low sample availability, this
approach is not feasible for single-organism datasets. It might be interesting for
transporter datasets with a larger number of proteins per class, e.g. in multi-
organisms models.

3.3.2 Machine learning features

3.3.2.1 Amino acid compositions

The amino acid composition (AAC) represents the frequency of each natural
amino acid in a given protein sequence, normalized by the length of the protein
sequence [39][368].

The dipeptide composition [368], also called PAAC short for pair amino acid
composition, counts the occurrences of each dipeptide formed from natural
amino acids, i.e. AA, AC, AD, ... , YV, YW, YY. The result is divided by
the total amount of possible dipeptides in the protein, which corresponds to
the length of the sequence minus one. Due to the nature of peptide bonds,
the dipeptides a-b and b-a are not considered as equivalent, if a and b are two
different amino acids.

Since there are 20 natural amino acids, the AAC is made up of 20 elements,
while the PAAC feature vector has 20 × 20 = 400 positions.



80 CHAPTER 3.

3.3.2.2 PSSM feature

A position-specific scoring matrix (PSSM) [369] of a protein contains 20 scores
for each position in its amino acid sequence.

In order to create a feature vector with constant length from a PSSM, the rows
for each amino acid type are added together along the entire protein sequence,
divided by the length of the sequence, and scaled to the interval [0,1]. This
method is commonly used to prepare PSSMs for machine learning tasks [370].

PSSM calculation is carried out locally with the psiblast executable from the
BLAST+ package [299, 316]. Local computation allows for parallel processing
and caching, which drastically speeds up the computation time. Two BLAST
databases are considered, created from the Uniref50 and the Uniref90 databases
with the makeblastdb executable. We specified an E-value threshold of 0.002 for
inclusion of proteins in the PSSM profile, and generated PSSMs with different
numbers of psiblast iterations, in order to find more closely or more distantly
related proteins.

The optimal number of psiblast iterations and choice of BLAST database (Uni-
ref50, Uniref90) are selected automatically, based on their classification perfor-
mance on the respective training set. The algorithm also combines multiple
PSSM features into one, if that improves the model fit on the training data.
The final feature vector has 400, 800, 1200 or 1600 dimensions, depending on
the combination of PSSMs that was selected during the optimization step.

3.3.3 Machine learning pipeline

After generating a dataset of membrane transporters with the pipeline described
in Section 3.3.1, and encoding the proteins as machine learning features using the
feature generation algorithms described in Section 3.3.2, a supervised learning
model is trained and evaluated on the data. All tasks related to machine learning
are carried out with the scikit-learn Python package [56].

The substrate keywords that were specified during the dataset creation process
are used as class labels.

In all cases, a Support Vector Machine (SVM) is used for classification. If nec-
essary, the redundancy and noise on the feature axis was reduced through a
Principal Component Analysis (PCA). Alternatively, a feature selection algo-
rithm based on ANOVA F-values was applied.

For evaluation, the dataset is split into a training set and an independent test set,
in a stratified fashion. The parameters of the feature generation algorithms and
machine learning algorithms are optimized on the training set, by finding the set
of parameters with the highest average score during a cross validation. Finally,
the pipeline is trained on the whole training dataset, and the performance of
the model is tested on the independent test set.

The model is optimized with the macro-averaged F1 score, in order to achieve an
optimal average predictive performance for all individual classes. The precision,
recall and F1 scores for the individual substrate classes are used for evaluating
the classification.
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The whole process is repeated 20 times, with different random seeds. The
standard deviation between these tests gives an estimate of the dependence on
the first train-test-split.

For datasets with fewer than 20 samples in any of the classes, the model is also
evaluated with a leave-one-out cross validation (LOOCV), in order to maximize
the number of samples in the training set.

Multiclass classification is carried out through a one-vs-one voting scheme.

As supplemental files, we provide Jupyter notebooks that deterministically carry
out the generation of datasets, computation of features and machine learning
tasks described in this study. The code can be found on Github, under https:

//github.com/adenger/subpred3

3.4 Results

3.4.1 Distinguishing amino acid transporters from sugar
transporters in A.thaliana

3.4.1.1 Dataset creation

The transporter dataset was created with the pipeline described in Section 3.3.1.
Proteins were filtered for taxonomy identifier 3705 (A. thaliana), location key-
word Membrane, function keyword Transport, and substrate keywords Amino-
acid transport and Sugar transport.

3.4.1.2 Dataset analysis: Outliers

After creating the dataset, we calculated the amino acid composition for all
proteins, in order to analyze the feature dataset.

Since AAC, PAAC and PSSM are all based on the amino acid sequence of a
protein, the analysis of the simpler AAC should also translate to the PAAC and
PSSM features, in terms of classification performance.

When visualizing the Pearson correlation matrix of all proteins in the dataset
as a heatmap with hierarchical clustering, it became clear that seven amino
acid transporters in the dataset had a very low correlation to the remaining
transporters (see Figure 3.3a).

We also performed a PCA on the AAC dataset, and found that the same pro-
teins, which belong to the Glutamine Dumper (GDU) family, are assigned a
much higher value on the first principal component than the rest of the dataset
(see Figure 3.3b).

Additionally, a Shapiro Wilk test on the individual amino acid frequencies
showed that two of these frequencies, those for Pro and for Glu, did not fol-
low a normal distribution. This was caused by an unusually high Pro and Glu
content in those seven proteins, compared to other amino acid transporters in
A. thaliana (see Figure 3.3c, d). All of them belong to the GDU family.

GDU1 only contains a single transmembrane helix [371], GDU2-7 are paralogs
of GDU1 [372]. According to the 2D and 3D structures predicted by Pilot et al.

https://github.com/adenger/subpred3
https://github.com/adenger/subpred3
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(a) (b)

(c) (d)

Figure 3.3: (a) Heatmap of A. thaliana AAC correlation matrix, with hierarchical Ward-
clustering, before removal of outliers. (b) PCA of the AAC dataset shows how the GDU
proteins are separate from the rest of the dataset (c, d) The GDU proteins are responsible for
the fact that Pro and Glu do not follow a normal distribution, such as the rest of the dataset.

[371] and Alphafold [21][274], respectively, the seven GDU proteins have a very
similar structure. While GDU expression correlates with Gln efflux, it is still
unknown whether the GDU proteins are part of a membrane transport complex,
or if they facilitate transport via other exporters [373].

The TCDB assumes the former, and classifies GDU1 as a channel protein
(TCDB class 1). On the other hand, all remaining proteins in the dataset
were either classified as TCDB class 2.A (porters driven by electrochemical gra-
dient), or their amino acid composition had a Pearson correlation of at least
0.8 to a transporter in class 2.A. The correlation to the GDU proteins was
only around 0.2-0.4. Due to their different structure (i.e. single-pass membrane
protein), their different amino acid composition and their unknown transport
mechanism, we considered the GDU proteins as outliers and did not include
GDU1-7 in our machine learning model.
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(a) (b)

Figure 3.4: (a) A. thaliana AAC Dataset was downsampled in a stratified fashion, to keep
the sample ratio between the classes. Downsampling was repeated 50 times with multiple
random seeds. An RBF-SVM was used for classification. (b) Only the majority class in the
A. thaliana AAC dataset was randomly down-sampled. Downsampling was repeated 50 times
with different random seeds. Classification was done with an RBF-SVM. The x-axis is the
ratio between minority class (amino acid transporters) and majority class (sugar transporters)

Other outliers were not found.

3.4.1.3 Effect of sample count on classification performance

In order to estimate the minimum number of samples necessary to create a
meaningful machine learning model, we evaluated a Support Vector Machine
classifier with a radial basis function kernel (RBF-SVM) on the A. thaliana
AAC-dataset with a 5-fold cross validation, while lowering the number of sam-
ples in the dataset from 165 to 10 in steps of 1.

First, the number of samples was lowered in a stratified fashion, in order to keep
the same number of samples per class as in the complete dataset. The random
sampling was repeated with 50 different random seeds. Figure 3.4a shows the
mean F1 scores for both classes. The observed trend suggests that at least a
total 80 samples in the dataset, corresponding to 57 sugar transporters and 23
amino acid transporters, is necessary for training a reliable machine learning
model on our dataset.

Since amino acid transporters consistently received lower F1 scores than sugar
transporters, while also being represented by fewer samples in the dataset, we
tested if lowering only the number of sugar transporters through downsampling
would have any effect on this difference. Therefore, the percentage of sugar
transporters in the dataset was lowered in 13 steps, from 71.5% down to 50%. A
RBF-SVM was evaluated on the amino acid transporters and the down-sampled
sugar transporters, through a 5-fold cross validation (see Figure 3.4b). The
random downsampling followed by a cross validation was repeated 50 times
with different random seeds. Decreasing the number of sugar transporters in
the dataset also decreased the F1 score for predicting sugar transporters. This
suggests that the higher F1 score for sugar transporters compared to amino acid
transporters in Fig. 3.4a was related to the fact that more sugar transporters
were available for training.
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Figure 3.5: Number of transport proteins in each class when applying cd-hit to the dataset
of sugar transporters and amino acid transporters in A. thaliana at different sequence identity
thresholds.

3.4.1.4 Effect of sequence clustering on classification performance,
sample count and redundancy

Sequence clustering was carried out with cd-hit at six different thresholds, rang-
ing from 40% to 100%.

While there were 47 amino acid transporters and 118 sugar transporters in the
dataset before clustering, only 16 and 36 were left at a 40% sequence identity
threshold, respectively (see Figure 3.5).

Since the suitability of the dataset for membrane transporter substrate predic-
tion decreases considerably when the number of samples in the minority class
is below 30 (see Figure 3.4a), we chose an identity threshold of 70% for all re-
maining analyses, unless specified otherwise. This coincides with the threshold
used by Mishra et al. [40], who also created a dataset of membrane transporters
that was based on Swiss-Prot.

3.4.1.5 Amino-acid composition (AAC)

To test the classification performance of the AAC feature, we trained a Support
Vector Machine (SVM) with a RBF kernel. The feature data was standardized,
and the number of dimensions was reduced through Principal Component Anal-
ysis (PCA) to those principal components that can explain 98% of the variance
in the dataset. Constants for standardization and PCA were derived from the
training set, and applied to the test set. The model achieved a macro-averaged
F1 score of 0.89 in the training set, and 0.88 on the independent test set.

We analyzed the importance of each amino acid type for the classification task by
calculating the ANOVA F-scores between a given amino acid type and the class
labels (i.e. the transported substrates). The most important feature for distin-
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Figure 3.6: Feature importances for each amino acid type when distinguishing sugar trans-
porters from amino acid transporters in A. thaliana using the AAC feature, compared to
amino acid frequencies in the transport protein datasets. Feature importance scores were
normalized to the same scale by dividing them by their sum.

guishing between sugar transporters and amino acid transporters in A. thaliana
was the frequency of lysine, followed by histidine, aspartic acid and cysteine.
Lysine occurs more frequently in sugar transporters, whereas histidine, aspartic
acid and cysteine are found more often in amino acid transport proteins (see
Figure 3.6). Feature importance shows a negative Pearson correlation of -0.452
to the AAC, suggesting that substrate specificity is mostly determined by less
frequently occurring amino acids in these sequences. The most frequent amino
acid types in the dataset are hydrophobic and have a high alpha-helical propen-
sity, which makes sense considering that all proteins considered here contain
multiple transmembrane alpha-helix domains. The five amino acid types most
commonly found in electrochemical potential-driven transporters according to
Gromiha and Yabuki [362] (F, G, I, L, V) were among the seven highest amino
acid frequencies in our dataset.

3.4.1.6 Paired amino-acid composition (PAAC)

With the PAAC feature, we trained a machine learning pipeline comprised of
standardization, PCA, and a RBF-SVM classifier. It achieved a macro-averaged
F1 scores of 0.936 on the training set, and 1.0 on the independent test set.

The three dipepdites with the highest feature importance were cysteine-thyro-
sine (CY), phenylalanine-leucine (FL) and glycine-aspartic acid (GD). Asp and
Cys were among the four most important AAC features (see Figure 3.6).

This suggests that the PAAC feature encodes additional information that is
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not captured by the AAC. While leucine and phenylalanine do not show high
predictive performance on their own, they are useful for distinguishing sugar
transporters from amino acid transporters when occurring as the dipeptide Phe-
Leu.

3.4.1.7 Position-specific scoring matrix (PSSM)

To predict substrates based on their position-specific scoring matrices, we calcu-
lated four PSSMs for each protein, where we used either one of the two BLAST-
databases available (Uniref50 and Uniref90), and either one or three iterations
of PSI-BLAST. The best combination of PSSM parameters was determined
through automatic hyperparameter optimization with a custom transformer, in
a 5-fold cross validation on the training set. A RBF-SVM, together with stan-
dardization and feature selection based on F-Scores, was used for training and
evaluation. The pipeline classified all transporters correctly, both in the cross
validation on the training set and when evaluated on the independent test set.

Out of the 50 feature vector positions with the highest feature importance ac-
cording to the ANOVA F-score between the training set and test set, 26 positions
corresponded to exchange rates of the amino acid histidine. Since the individ-
ual vector elements can be interpreted as the likelihood of one amino acid type
being exchanged for another throughout evolution, this observation suggests
that evolutionary histidine conservation is an important measure for distin-
guishing amino acid transporters from sugar transporters. In our dataset, both
the histidine content and histidine conservation are higher among amino-acid
transporters, compared to sugar transporters. These findings match our analy-
sis of the AAC feature above, where histidine was the amino acid type with the
second-highest feature importance. After histidine, the second and third most
common amino acid types in the top 50 PSSM feature positions were cysteine
(10) and phenylalanine (8), which are also among the most important PAAC
features (see above).

In order to estimate the choice of the independent test set on the results, we
repeated the analysis 20 times, with 20 different random seeds for splitting the
dataset. The average macro-averaged F1 scores were 0.997 and 0.968 for the
cross validation on the training set and for the independent test set, respectively.
The corresponding standard deviations were 0.0057 for the training set, and
0.0449 for the independent test set.

3.4.1.8 Meta-feature based on sequence features

Finally, we combined all previous models into one meta-feature. A RBF-SVM
was trained on the AAC, PAAC and PSSM features. Standardization and PCA
were performed on the training set, and applied to the test set.

The model achieved a macro-averaged F1 score of 0.987 during the cross vali-
dation, and 1.00 on the independent test set.

Again, we estimated the influence of independent test set selection on the F1
scores. The average F1 scores were 0.993 on the training set, and 0.954 on the
test. The standard deviations across the 20 repetitions were slightly higher than
for PSSM, with 0.0071 and 0.045 for the training set and test set, respectively.
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Among the 50 features with the highest feature importance, there were 43 PSSM
features, 6 PAAC features, and 1 AAC feature. This suggests that all feature
types contribute to the meta-feature in some way. However, the classification
performance was slightly lower than that of the PSSM feature on its own, at
least when distinguishing sugar transporters from amino acid transporters in A.
thaliana.

3.4.2 Application to other organisms

Next, we applied the methods described in Section 3.4.1 to three additional
organisms: E. coli, S. cerevisae, and H. sapiens. This was done to test the
approach on a wider variety of species, i.e. multi-cell and single-cell eukaryotic
organisms, as well as a gram-negative bacterium, with an inner and an outer
cellular membrane.

3.4.2.1 Differences in subcellular locations

In case of eukaryotes, which also have transporters localized to the membranes
of various cellular compartments such as the endoplasmatic reticulum (ER) and
mitochondria (MT), the inclusion of ER and MT proteins yielded an increased
classification performance, most likely due to the increased sample count, and
did not introduce any outliers. Hierarchical clustering analysis of the transporter
amino acid composition showed that transporters of the membranes of MT, ER
and other intracellular membranes do not stand out in terms of their amino
acid composition, when compared to proteins in the cellular membrane, at least
for the sugar- and amino acid transporters that we analyzed. In contrast, the
protein/mRNA transporters in the nuclear membrane, also called Nuclear Pore
Complexes (NPC), have a distinct method of transport that is not shared by
cellular membrane protein transporters, and hence, were not included in the
datasets. MT membranes in eukaryotes are also known to contain beta-barrel
proteins [374], although that was not the case in our datasets.

For E. coli, a gram-negative bacterium, there were only five transporters in our
sugar/amino acid transporter dataset that were located in the outer membrane.
All of those proteins were pores that transport sugars and ions. In terms of
their amino acid composition, these proteins were clear outliers, with a Pearson
correlation coefficient of less than 0.4 to the rest of the dataset. In contrast, the
AACs of the remaining transporters had pairwise correlation coefficients of more
than 0.8. This makes sense, considering that general transporter motifs such
as hydrophobic alpha helices often show high conservation, whereas substrate
specificity is determined by a small subset of sequence positions [365, 364].

3.4.2.2 Outliers

Compared to the seven outliers in the A. thaliana dataset, only two were found
for human, and none for yeast. The first outlier in H. sapiens was rBAT, which,
according to the TCDB, is an accessory factor to transport having one trans-
membrane domain and no known substrates. The other one was SLC38A10,
a protein that contains a strongly conserved amino acid transport domain that
encodes 10 transmembrane helices and is 398 amino acids in length, but also
roughly 700 additional amino acids with unknown structure or function, which
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influences its AAC. In E. coli, we found the five aforementioned pores in the
outer membrane, as well as 16 peripheral membrane proteins, which can be fil-
tered out by using the Transmembrane keyword instead of Membrane. These pe-
ripheral membrane proteins are typically associated with transmembrane trans-
port complexes, e.g. ATP binding cassettes (ABCs), but do not facilitate the
actual transport themselves. Including their sequences in the dataset would in-
troduce noise and could lead to worse classification performance of the sequence-
based features.

3.4.2.3 Multi-substrate transporters

Some transporters in the datasets transport more than one substrate according
to their annotation, e.g. symporters and antiporters. Mishra et al. [40] decided
to remove all such proteins with more than one known substrate. Our pipeline
also has an option to remove all labels from the dataset which are not used
as labels for classification, see Section 3.3.1.1. As previously mentioned, this
did not make a difference in the sugar/amino acid transporter dataset from
A. thaliana, since it did not contain any multi-substrate transport proteins for
these two substrates. The same was the case for S. cerevisae.

The integrate method represents a trade-off: Having more samples in the dataset
can increase classification performance if the new samples match the rest of the
dataset, but can also introduce noise if they do not. In case of the E.coli dataset,
for example, the integrate method removed the keyword Ion transport from
the dataset of sugar and amino acid transporters. E.coli contains five outer-
membrane porins that transport small sugars and ions, and those were grouped
together with sugar uniporters. The porins were clear outliers in the dataset,
since outer-membrane porins are made up of beta barrel structures, whereas
passive transporters typically contain multiple transmembrane helices. On the
other hand, the method found two additional amino-acid transporters (putP,
gltS) and one sugar transporter (uhpT), all of which are passive transporters
located in the inner membrane. These three additional proteins had amino
acid compositions similar to those of other transporters in the dataset, and
increased the sample count for training and testing. For H. sapiens, we found 21
additional samples for our training dataset. Most of these proteins were sodium-
dependent symporters (14 samples), followed by four chloride-dependent amino
acid exporters, and four sodium-coupled amino acid transporters that transport
neurotransmitters.

3.4.2.4 Comparison to TCDB

Our approach of creating the transporter dataset from Swiss-Prot data increased
the number of available samples significantly, compared to cross-referencing
TCDB with Swiss-Prot. The numbers of additional transmembrane transporters
in the dataset without TCDB entry were 108, 4, 3 and 9 for A. thaliana, E. coli,
H. sapiens and S. cerevisae, respectively.

3.4.2.5 Effect of sequence clustering with cd-hit

Sequence clustering was applied to all four transporter datasets. Again, there
was a trade-off between the number of samples that are available for training,
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No clustering 70% clustering

Organism Sugar Amino acid Σ Sugar Amino acid Σ

A. thaliana 118 47 165 84 33 117

E. coli 48 51 99 47 51 98

S. cerevisae 28 36 64 17 34 51

H. sapiens 36 51 87 34 49 83

Table 3.1: The effect of sequence clustering with cd-hit on sample sizes for sugar and amino
acid transporters in the four organisms.

and the clustering threshold. As shown before in Figure 3.5, the classification
performance of the machine learning model drops off sharply once the number
of transporters in a particular class falls below 20-30. Therefore, we chose a
sequence identity threshold of 70% for all organisms, which is the lowest value
that still yields adequate evaluation results.

Interestingly, the number of proteins removed by clustering varies widely be-
tween organisms. In E. coli, only one transporter was removed. The highest
number of redundant transporters was found in A. thaliana (see Table 3.1). Ac-
cording to its documentation, cd-hit always chooses the protein with the longest
sequence as the cluster representative.

Clustering was carried out after removing the outliers.

3.4.2.6 Choice of machine learning algorithms and preprocessing
methods

When comparing the classification performance between different algorithms,
i.e. SVMs with different kernels, KNN, Random Forests, Naive Bayes and sto-
chastic gradient descent, the only algorithm that consistently delivered good
results was the Support Vector Machine. In most cases, the RBF kernel delivered
the best results. However, in some cases we decided to use a linear kernel instead,
in order to reduce overfitting on the training data. The fact that SVMs perform
the best makes sense, considering that they usually work well on datasets with
many features and few samples, as long as the number of outliers is not too
high.

In many cases, performing a principal component analysis (PCA) in order to
reduce the number of feature dimensions improved the classification results.
Typically, only a small percentage of positions in the protein sequence are ac-
tually responsible for substrate specificity (see Figure 3.6). Machine learning
features calculated from the entire protein sequence can therefore contain a lot of
useless and redundant information. This is especially true for the meta-feature,
which is made up of multiple fingerprints of the same protein sequence. When
PCA was applied, the feature dimensions were reduced to a number of principal
components that explain somewhere between 80% and 99% of the variance in
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AAC PAAC PSSM META

Organism train test train test train test train test

A. thaliana 0.888 0.877 0.936 1.000 1.000 1.000 1.000 1.000

E. coli 0.813 0.850 0.792 0.792 0.908 0.899 0.907 0.950

H. sapiens 0.659 0.757 0.822 0.757 0.936 1.000 0.903 0.938

S. cerevisae 0.769 0.670 0.913 0.771 0.879 0.612 0.913 0.612

Table 3.2: Macro-averaged F1 scores for all features and organisms. The train score is the
average F1 score achieved during cross validation. The test score was calculated by applying
the trained model on an independent test set.

AAC PAAC PSSM META

Organism Model train test train test train test train test

H. sapiens
SVM 0.712 0.623 0.756 0.693 0.924 0.859 0.901 0.859

PCA+SVM 0.749 0.627 0.882 0.839 0.957 0.884 0.955 0.857

S. cerevisae
SVM 0.838 0.723 0.802 0.728 0.880 0.843 0.862 0.794

PCA+SVM 0.845 0.655 0.919 0.880 0.951 0.818 0.929 0.754

Table 3.3: Additional evaluation for organisms having few labeled transporters. Two models
were trained: a support vector machine (SVM), as well as a pipeline of principal component
analysis (PCA) followed by SVM classification. Evaluation was carried out through nested
leave-one-out cross validation (LOOCV), meaning that one transporter was used as an inde-
pendent test set, and the remaining transporters for hyperparameter optimization through
another LOOCV. The scores shown here are the average F1 scores from all iterations of the
outer cross validation (test), as well as the average training scores achieved during the inner
cross validations (train).

the data. The constants for the PCA were derived from the training data, and
applied to the test data.

Since both SVMs and PCA typically perform better when the data is standard-
ized, we included this preprocessing step in every pipeline.

3.4.2.7 Evaluation results

The evaluation results are shown in Table 3.2. During the evaluation, some of
the organisms reached a relatively low number of samples, due to the fact that
the independent test set already made up 20% of the data, and a 5-fold cross
validation was carried out on the remaining 80%.

For S. cerevisae, only 17 sugar transporters were left in the dataset after clus-
tering, which means that only 10 (0.8×0.8×17) transporters were available for
training during the cross validation.
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Amino Sugar

Test set Feature Correct Incorrect Accuracy Correct Incorrect Acc.

A. thaliana

AAC 33 0 1.00 82 2 0.98

PAAC 33 0 1.00 84 0 1.00

PSSM 33 0 1.00 84 0 1.00

H. sapiens

AAC 20 28 0.42 29 2 0.94

PAAC 4 44 0.08 34 0 1.00

PSSM 21 27 0.44 31 3 0.91

E. coli

AAC 14 37 0.27 45 2 0.96

PAAC 1 50 0.02 45 2 0.96

PSSM 8 43 0.16 47 0 1.00

S. cerevisae

AAC 10 24 0.29 14 3 0.82

PAAC 8 26 0.24 17 0 1.00

PSSM 9 25 0.26 17 0 1.00

Table 3.4: Classification results when training a machine learning model on transporters from
A. thaliana, and applying that model to other organisms. We conclude that sequence-based
models trained on A. thaliana are not transferable to other organisms.

Therefore, we carried out a second evaluation, this time using nested leave-one-
out cross validation, in order to maximize the number of training samples. In
most cases, this led to improved scores and less overfitting on the training set
(see Table 3.3).

3.4.3 Datasets involving more than one organism

3.4.3.1 Application of model trained on one organism to another

Due to the low availability of samples for some of the organisms, we consid-
ered the possibility of training a model on an organism with a comparatively
larger number of samples, and then using that model to predict substrates in an
organism with fewer samples. We chose the sugar/amino acid prediction task
again, along with a machine learning pipeline consisting of standardization and
a SVM with RBF kernel.

As a first test, we trained the model only on transporter data from A. thaliana,
and then predicted substrates in all four organisms (see Table 3.4). The model
had a a good fit on the training data from A. thaliana, with F1 scores of 0.98
or higher. When applied to the datasets from other organisms, most sugar
transporters were classified correctly (accuracy ≥ 0.82), but most amino-acid
transporters incorrectly (accuracy ≤ 0.44). We conclude that the SVM hy-
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Organism Amino Sugar

Training Test Correct Incorrect Acc. Correct Incorrect Acc.

E. coli

E. coli 51 0 1.00 44 3 0.94

H. sapiens 28 20 0.58 8 26 0.24

S. cerevisiae 24 10 0.71 9 8 0.53

A. thaliana 28 5 0.85 28 56 0.33

H. sapiens

E. coli 17 34 0.33 36 11 0.77

H. sapiens 45 3 0.94 32 2 0.94

S. cerevisiae 15 19 0.44 9 8 0.53

A. thaliana 25 8 0.76 58 26 0.69

S. cerevisiae

E. coli 51 0 1.00 0 47 0.00

H. sapiens 42 6 0.88 5 29 0.15

S. cerevisiae 34 0 1.00 17 0 1.00

A. thaliana 31 2 0.94 23 61 0.27

Table 3.5: Classification results when training a machine learning model on transporters from
organisms other than A. thaliana, and applying that model to all four organisms. Sequence-
based features for distinguishing sugar transporters from amino-acid transporters in one or-
ganism can not be applied to another organism. Accuracy was shortened to “Acc.”.

perplane trained on A. thaliana feature data (AAC, PAAC and PSSM) is not
transferrable to other organisms. In order to rule out the possibility of overfit-
ting on the training set, we repeated the test with a linear SVM. However, the
scores did not improve.

In a second test, we trained a model on each of the other three organisms (see
Table 3.5). Since the scores between the three sequence-based features seem to
correlate, we only performed this test using the AAC, in order to reduce the
number of individual test cases. The classification performance did not improve
when using organisms other than A. thaliana for training.

3.4.3.2 Meta-organism models

After studying the individual datasets for the four organisms, we decided to also
combine their transporters into one meta-organism.

An overview of this dataset is provided in the form of a heatmap of amino
acid compositions, along with hierarchical Ward-clustering (see Figure 3.7). E.
coli and S. cerevisae both had their own, distinctive sub-clusters, whereas H.
sapiens and A. thaliana were more similar to each other. We calculated pairwise
correlations to find outliers in the data. The outliers in the meta-organism were
the same proteins that we previously removed from the individual datasets:
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Figure 3.7: Clustered heatmap of all amino acid compositions in the four datasets.

peripheral membrane proteins that are part of active transport complexes but
do not transport substrates themselves, as well as channels and pores with beta-
barrel structures.

Next, we tested the impact of sequence clustering with cd-hit on the number
of samples, and the classification performance (see Figures 3.8 and 3.9). The
selection bias was estimated by shuffling the dataset 20 times, each time creating
a training set for hyperparameter optimization through cross validation, and an
independent test set for evaluation.

Then, we trained a PCA+SVM pipeline on the AAC, PAAC and PSSM features,
with the meta-organism dataset, and sequence clustering at a threshold of 70%.
The results are close to the average result obtained with models trained on the
individual organisms (see Table 3.6). The highest training- and test scores were
achieved by the PSSM feature. Since E. coli is the pylogenetically most distant
organism and forms its own AAC-cluster, we repeated the test without E. coli
proteins in the dataset. This increased the F1 scores of the PSSM feature by
roughly 3%.
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Figure 3.8: Number of amino-acid and sugar transporters in the meta-organism dataset,
which contains transporters from A. thaliana, E. coli, H. sapiens and S. cerevisiae, at different
sequence clustering thresholds.

Figure 3.9: Classification performance of the meta-organism dataset at different cd-hit se-
quence clustering thresholds.
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F1 score (mean)

Organisms Feature training set ind. test set

All

AAC 0.841 0.743

PAAC 0.814 0.784

PSSM 0.935 0.914

Combined 0.913 0.899

Eukaryotes

AAC 0.785 0.800

PAAC 0.868 0.778

PSSM 0.965 0.939

Combined 0.918 0.899

Table 3.6: Evaluation results when training on a dataset that contains transporters from
three or four model organisms.

Class Dataset Precision Recall F1 Accuracy Samples

Amino acid

cross validation 0.968 0.957 0.962 0.957 92

training set 1.000 1.000 1.000 1.000 92

ind. test set 0.955 0.913 0.933 0.913 23

Sugar

cross validation 0.964 0.972 0.968 0.972 107

training set 1.000 1.000 1.000 1.000 107

ind. test set 0.929 0.963 0.945 0.963 27

Macro avg.

cross validation 0.966 0.965 0.965 0.965 199

training set 1.000 1.000 1.000 1.000 199

ind. test set 0.942 0.938 0.939 0.940 50

Table 3.7: Comparison between commonly used metrics for evaluating the performance of ma-
chine learning models. The eukaryotes-only meta-organism dataset was trained to distinguish
between sugar- and amino acid transporters, using the multi-PSSM feature in combination
with PCA and a SVM. The accuracy score was calculated directly from the true and false
predictions, since the dataset is only slightly imbalanced. The corresponding balanced accu-
racy score, which takes class imbalance into account and is defined as the arithmetic mean of
sensitivity and specificity, was 0.938 for the independent test set.
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Finally, we took a closer look at the best-performing meta-organism model,
by calculating precision, recall, F1 and accuracy for each individual class (see
Table 3.7). The results were consistent across the two classes, with a good
balance between precision and recall, as well as between the training scores
and test scores. This suggests that the model is not biased towards one of the
substrates, and does not overfit to the training data.

3.4.4 Additional substrates

Next, we tested the suitability of our method for multi-label classification tasks,
by distinguishing between more than two substrate classes.

To this aim, we created a dataset of A. thaliana transmembrane transporters
with four different substrate types: Amino-acid, sugar, electron and potassium.
The substrates were selected according to the number of available samples. We
excluded parent categories such as Protein transport and Ion transport, as the
protein sets associated with those terms are too diverse in terms of amino acid
composition.

Our transporter dataset contained 84 sugar transporters, 56 electron trans-
porters, 61 potassium transporters, and 40 amino acid transporters. When
analyzing the dataset for outliers, we again found the seven GDU family amino
acid transporters (see Section 3.4.1). Of the 61 potassium transporters, six were
also annotated with Sodium transport. These six sodium-potassium pumps were
outliers compared to the remaining 55 proteins, and were excluded. Finally, we
ended up with 33 amino acid transporters and 55 potassium transporters. The
number of sugar and electron transporters did not change.

While AAC and PAAC performed worse for multi-class classification compared
to the binary case, the multi-PSSM model and the combined feature managed
to produce very similar results. Amino-acid transporters were the weakest class
in terms of prediction accuracy, and its F1 scores on the independent test set
had the largest variance across the shuffles. This can be explained by the small
number of class members: When there are only seven transporters in the in-
dependent test set, then one additional false positive can change the accuracy
by several percentage points. For this reason, we repeated the evaluation ten
times, with different random seeds for choosing the independent test set.

In contrast to binary classification, PCA for dimensionality reduction performed
worse than feature selection in the multi-class case. The results are shown in
Table 3.8 and Figure 3.10.

3.4.5 Automatic feature combination

In this project, we discuss three different machine learning features: AAC,
PAAC, and PSSM. The latter has three parameters that can be adjusted, namely
the blast database (Uniref50, Uniref90), the number of iterations, and the E-
value threshold for deciding the inclusion of a particular protein in the PSSM.
In order to find the best feature, or combination of features, the user would have
to try every option individually.
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Feature Proc.
Amino-acid Electron Potassium Sugar Mean

train test train test train test train test train test

AAC

None 0.794 0.697 0.893 0.890 0.964 0.959 0.887 0.863 0.885 0.852

ANOVA 0.815 0.675 0.892 0.862 0.965 0.955 0.896 0.875 0.892 0.842

PCA 0.770 0.673 0.875 0.891 0.945 0.959 0.863 0.844 0.863 0.842

PAAC

None 0.750 0.701 0.867 0.892 0.918 0.951 0.885 0.883 0.855 0.857

ANOVA 0.805 0.734 0.886 0.884 0.925 0.955 0.904 0.884 0.880 0.864

PCA 0.641 0.647 0.586 0.542 0.784 0.852 0.770 0.790 0.695 0.708

PSSM

None 0.950 0.935 0.983 0.974 0.982 0.974 0.968 0.975 0.971 0.964

ANOVA 0.953 0.945 0.987 0.958 0.987 0.978 0.975 0.961 0.975 0.960

PCA 0.990 0.946 0.978 0.969 0.984 0.984 0.985 0.968 0.984 0.967

Combined

None 0.915 0.931 0.972 0.967 0.984 0.984 0.951 0.964 0.956 0.961

ANOVA 0.942 0.922 0.975 0.960 0.984 0.989 0.969 0.953 0.968 0.956

PCA 0.911 0.913 0.942 0.945 0.985 0.990 0.945 0.952 0.946 0.950

Table 3.8: Multi-class classification F1 scores for A. thaliana, between four substrates. All
scores were averaged over ten evaluations, each time with a different random seed.

To help with this, we also implemented an automatic feature combination al-
gorithm, through the scikit-learn transformer interface. For each possible com-
bination of features, the corresponding feature datasets are concatenated and
then standardized. Constants for standardization are derived from training
data, to avoid information sharing with the test set. After performing a 5-fold
cross validation on each combination of features and SVM hyperparameters,
the combination of feature datasets and the SVM parameter set that led to the
highest average F1 score across the cross validation folds are selected. Finally,
the model is tested on an independent test set, to estimate the overfitting.

As a test, we trained a RBF-SVM on the same A. thaliana transporter dataset
with four substrates that was described in the previous paragraph. For each
protein, we calculated the AAC and PAAC features, as well as four different
PSSM features, where we performed one or three iterations of PSI-BLAST on
either the Uniref50 database or the Uniref90 database. The E-value threshold
was set to 0.002 in all cases. For the sake of readability, we define PSSM(R, i)
as the PSSM calculated by performing i iterations on database UnirefR.

Before optimizing any of the SVM hyper-parameters, the model with automatic
feature combination already achieved average F1 scores of 0.968 and 0.936 on
the training and test set, respectively. The automatic feature combinator se-
lected the PAAC together with PSSM(50, 1) and PSSM(50, 3). When adding
the SVM parameters to the optimization process, the scores improved to 0.974
and 0.976. This time, the algorithm combined the AAC with PSSM(50, 3),
PSSM(90, 1) and PSSM(90, 3). The fact that F1 scores on independent test
sets are close to the training scores suggests that selecting feature combinations
based on training data did not cause considerable overfitting.
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(a) AAC (b) PAAC

(c) PSSM (d) Combined

Figure 3.10: Classification results of four-substrate multi-substrate classification with trans-
port proteins from A. thaliana. The machine learning pipeline was made up of ANOVA-based
feature selection, and a SVM with RBF-kernel. The dataset was split into a training and a
test set. A cross validation was performed on the training set to optimize parameters, and the
resulting model was applied to the independent test set. The entire process was repeated 10
times, the varying scores between different train/test splits are represented by the standard
deviations in the plot.

Finally, we created 1,000 random training and validation sets from the data,
in order to estimate how often each individual feature gets selected as part of
the best combination. Across the 1,000 training datasets, the model achieved
average F1 scores of 0.973±0.01 and 0.967±0.03 on the respective training and
validation datasets. The PSSM calculated from three iterations on Uniref50 was
selected the most, it was part of the best feature combination in 81.2% of all
cases. AAC and PAAC were selected as part of the best combined feature with
frequencies of 25.6% and 6.7%. The remaining features, namely PSSM(90, 3),
PSSM(90, 1) and PSSM(50, 1) were part of the best feature in 73.1%, 41.5%
and 31.9% of cases, respectively. On average, the PSSMs derived from more
distantly related proteins seem to produce better models than those comprised
of closely related sequences. The combination of features that was selected the
most was (PSSM (50,3),PSSM (90,3)), with a frequency of 15.7%. Overall, 46
out of 62 possible combinations were selected at least once, and 34 of these 46
combined features occurred with a frequency of less than 2%.

3.4.6 Comparisons between classification algorithms

Finally, we compared the performance of the SVM model to that of other classi-
fication algorithms. As a benchmark dataset, we again employed the A. thaliana
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multi-class dataset with four substrates, along with the automatic feature com-
bination algorithm that we described in the previous paragraph. We tested four
additional models: Random Forest (RF), K-Nearest Neighbors (KNN), a linear
SVM that gets optimized with stochastic gradient descent (SGD-SVM), as well
as a single-layer Perceptron. The KNN and RF classifiers are inherently multi-
class, whereas the SGD-SVM and Perceptron classifiers employ a one-vs-rest
voting scheme to achieve multi-class classification.

For evaluation, we divided the data into a training- and test set, in a stratified
fashion. Hyperparameter optimization was performed on the training set, by
selecting the parameters that achieved the highest macro-averaged F1 score
in a cross validation. Then, the model was then tested for overfitting on the
independent test set.

To get a baseline, we first evaluated the RBF-SVM model that was used in the
remainder of the study. It achieved average training and test scores of 0.974 and
0.976. The SGD-SVM showed a similar performance, with average F1 values of
0.961 and 0.974 on the training and test sets.

The two multi-output classifiers, RF an KNN, performed slightly worse during
the evaluation, with training- and test scores of 0.892 and 0.878, as well as
0.914 and 0.866, respectively. Binary classifiers in combination with one-vs-one
or one-vs-rest voting schemes seem to achieve better results on this particular
dataset than classifiers that are inherently multi-class.

The Perceptron model with default parameters gave F1 scores of 0.972 and 0.974
on the training- and test set, respectively. With elastic net regularization, the F1
scores improved to 0.988 and 1.0. We repeated the entire process 10 times with
the same set of hyperparameters to choose from, using different random seeds
for creating the independent test set. The results stayed consistent, with average
training and test scores of 0.978±0.006, and 0.969±0.024. While the Perceptron
implementation in scikit-learn is limited to a single output node, its good results
could be an indication that more complex neural network architectures will allow
for even more accurate models with a higher number of classes in the future.

3.5 Discussion

3.5.0.1 Model creation

At first, we studied a simple, binary classification task between sugar trans-
porters and amino acid transporters in A. thaliana, with the goal of taking a
close look at the proteins in the dataset, and more specifically their amino acid
compositions. We found that substrate specificity depends on a multitude of
amino acid types, which are not among the most frequently occurring residues
in the sequences (see Figure 3.6). Models have to incorporate information about
multiple amino acids in order to reach a good classification performance. The
best results were achieved by performing a PCA, and selecting a number of
principal components that explain between 80% and 99% of the variance in the
AAC dataset. Encoding the sequence through more complex means, i.e. the
PAAC and the multi-PSSM feature, further improved the class separation.
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We created our transporter datasets from Swiss-Prot, the manually curated
subset of UniProt. Proteins were filtered according to their functions based on
the UniProt keywords they are annotated with. Only keeping proteins anno-
tated with the Transmembrane keyword in the dataset proved useful in removing
peripheral membrane proteins, which are associated with transmembrane trans-
port complexes. These proteins represent outliers, since they do not carry out
the actual transport themselves. Gene ontology terms related to the transport of
a specific substrate across a membrane are available as well, but fewer proteins
are annotated with them.

Next, we created a sugar/amino acid dataset for three additional organisms,
and compared the transport proteins, the amino acid compositions, as well as
the classification results (see Tables 3.2 and 3.3). A small set of outliers in terms
of AAC was found in E. coli, encompassing five proteins with beta-barrel struc-
ture. Generally, in terms of three-dimensional structure, there are two shapes
of membrane transporters: beta-barrels, which mostly occur in mitochondria,
chloroplasts and gram-negative bacteria, as well as alpha-helical bundles, which
are more commonly found in cell membranes, and in the endoplasmatic reticu-
lum [374]. We removed porins in the outer membrane of E. coli by filtering for
the respective keywords, as they were the only transporters with a beta-barrel
structure in the sugar/amino acid dataset. Other membranes known for contain-
ing beta-barrel transporters are those of chloroplasts and mitochondria, which
is something to be aware of when including proteins from those membranes into
a dataset.

When comparing the results between organisms, it became apparent that the
number of proteins in the dataset with a particular substrate was correlating
with the average F1 score of that substrate during cross validation. Via a test
on data from A. thaliana, we found that the number of substrates per class
should be at least 20 (see Figure 3.4). This number also seemed to apply to
other organisms. Especially S. cerevisae had problems with overfitting, while
also having the lowest sample count of 17 sugar transporters in the dataset
(see Table 3.1). Changing the evaluation method to a nested leave-one-out
cross validation, which retains more training data for training, improved the
classification results and solved the problems with overfitting on the training
data (see Table 3.3).

When comparing proteins from different membranes, we did not find consider-
able differences in amino acid composition between the proteins in our datasets,
other than the residues leading to their substrate specificity. This could also
be due to the fact that all remaining sugar and amino acid transporters had
the alpha helical bundle structure. To test for differences in how the substrate
specificity manifests, we trained a model on one organism, and applied it to
another. This did not work well for any combination of organisms. Filtering
for one organism led to overfitting in all cases, and was caused by the position
of the SVM hyperplane, which is derived from the respective training organism
(see Tables 3.4 and 3.5).

The meta-organism dataset then included transporters from multiple organisms
at the same time, meaning that training and test sets contained transporters
from more than one organism. This led to improved results for organisms with
a low sample count. Mixing membrane transport proteins from eukaryotes with
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proteins from the inner membrane of a gram negative bacterium did not influ-
ence the results notably (see Table 3.6). The meta-organism dataset had higher
levels of redundancy than the datasets for the individual organisms (see Figure
3.8), and reducing redundancy had a slightly higher impact on classification
performance than for the individual organisms (see Figure 3.9).

Finally, we increased the number of substrates to four, and tested the classifica-
tion performance in A. thaliana. Substrate specificity among all ion transporters
was too diverse to consider them as one uniform substrate class. This was still
the case when removing transporters with beta-barrel structures. Instead we
selected Potassium, the ion with the largest number of samples available. As
a fourth substrate we included electron transporters, which the TCDB lists as
having their own, distinctive transporter mechanism. During the evaluation,
the label with the fewest samples, that of amino acid transporters, had prob-
lems with overfitting on our ML pipeline when only using the AAC and PAAC
as features. The multi-PSSM feature and the combined feature resolved this
problem and gave F1 scores above 0.90 for all substrates (see Figure 3.10). In
the section 3.4.5, we then used the A. thaliana multi-substrate dataset to im-
plement and test an automatic feature combination algorithm, which selects
the best combination of feature datasets based on the respective training data.
This improved the average F1 scores to 0.974 and 0.976 on the training- and
validation datasets, respectively.

In the future, we plan to increase the number of substrates in our models even
further. Additional substrate information from molecular function GO terms,
and ChEBI [292] annotations on TCDB could lead to a slightly increased sample
count. Carefully assembled multi-organism, multi-substrate training datasets
will likely enable one to predict substrates in a wide variety of organisms and
proteins. Using probabilistic models and multi-label training data are further
possibilities as well.

3.5.0.2 Related work

Schaadt and Helms [39][366] created a transporter dataset from the ARAMEM-
NON database [253], and categorized the proteins into four classes: amino acids,
oligopeptides, phosphates, and hexoses. This approach led to good accuracy
scores of up to 90%, but was limited to proteins from A. thaliana. Mishra et al.
[40] then compiled a dataset of membrane transport proteins from UniProt,
and assigned them into seven classes: amino acid, anion, cation, electron, pro-
tein/mRNA, sugar and other. The sequences were clustered at a sequence
similarity threshold of 70%. The proteins for the evaluation dataset and the
independent test set were then manually filtered, possibly to remove outliers.
The same dataset was used subsequently by Alballa et al. [367] in their study.
This final dataset was only available in its clustered form, which did not allow
for the possibility of creating a single-organism subset. Also, the manual selec-
tion process was not further specified. For these reasons, we decided to create
a transporter dataset pipeline, with a solid foundation in membrane biology
and proteomics. This enables the creation of single- or multi-organism models.
Single organism models allow for additional types of ML features in the future,
such as the feature based on coexpression networks and genomic neighborhood
proposed by Tran et al. [375].
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3.5.0.3 Choice of algorithms

Among different machine learning algorithms that we tested, SVMs were among
the best-performing classifiers in all test cases, where we tested the substrate
prediction of membrane transporters. This makes sense, considering that SVMs
are well suited for training datasets with few samples and many features, as long
as there are no obvious outliers in the dataset. Other classifiers we tried include
random forests (RF), k-nearest neighbors (KNN), a single-layer Perceptron and
a linear SVM optimized with stochastic gradient descent (SGD-SVM). When
comparing the five algorithms performance on the A. thaliana dataset with four
substrates and automatic feature combination, the two multi-output classifiers
(RF and KNN) were outperformed by binary classification algorithms that em-
ploy one-vs-rest voting schemes. The SGD-SVM and the Perceptron performed
similarly to the RBF-SVM we used throughout the rest of the project. Em-
ployment of custom ensemble classifiers, or more sophisticated neural network
architectures, could improve the classification performance even further, pos-
sibly at the cost of increased runtime and complexity, or losing the ability to
understand the results. For binary classification tasks, the reduction of feature
dimensions through principal component analysis improved the model fit in
most cases. For multi-class separation, ML pipelines involving feature selection
based on ANOVA F-scores outperformed PCA-based models.

3.5.0.4 Conclusions

We found that data visualization, and paying close attention to the biological
properties of proteins, allows for the creation of better training datasets, through
the discovery and removal of outliers. The most important signifier for labeling a
protein as an outlier was the three-dimensional structure, which is now available
for a wide variety of proteins thanks to the AlphaFold project [274] and the
Protein Data Bank [264]. For example, we found a small subset of five beta-
barrel proteins in our E. coli sugar/amino acid transporter dataset, which was
otherwise made up of proteins with the alpha-helical bundle structure. We
also found single-pass membrane proteins and peripheral membrane proteins
through their structure, and removed them from the dataset. Creating ML
models for single organisms has two main advantages. It allows for a better
model fit and predictive accuracy, and for the employment of additional data
for creating ML features, such as genomics and transcriptomics data. However,
the data availability appears to be too low for most organisms and substrates.
We determined the smallest recommended number of transporter samples for
each substrate to be at around 20. Using a meta-organism dataset, we were able
to train robust SVM classifiers that achieved F1-scores above 0.91 in a 2-class
separation task.

3.6 Data and Software Availability

The source code, as well as instructions recreating the development environ-
ment, are available at https://github.com/adenger/subpred3. The repository
also contains instructions for downloading the most recent versions of the raw
datasets. A link to the datasets we used for our analyses, which were down-
loaded on November 15th, 2021, is provided as well.

https://github.com/adenger/subpred3


Chapter 4

Identifying optimal
substrate classes of
membrane transporters

The contents of this chapter were published in the journal PLOS One, under
the title Identifying Optimal Substrate Classes of Membrane Transporters [376].
Links to the raw data, along with all the code that was implemented, is available
at https://github.com/adenger/subpred4.

4.1 Abstract

Membrane transporters are responsible for moving a wide variety of molecules
across biological membranes, making them integral to key biological pathways in
all organisms. Identifying all membrane transporters within a (meta-)proteome,
along with their specific substrates, provides important information for various
research fields, including biotechnology, pharmacology, and metabolomics. Pro-
tein datasets are frequently annotated with thousands of molecular functions
that form complex networks, often with partial or full redundancy and hier-
archical relationships. This complexity, along with the low sample count for
more specific functions, makes them unsuitable as classes for supervised learn-
ing methods, meaning that the creation of an optimal subset of annotations
is required. However, selection of this subset requires extensive manual effort,
along with knowledge about the biology behind the respective functions. Here,
we present an automated pipeline to address this problem. Unlike previous ap-
proaches for reducing redundancy in GO datasets, we employ machine learning
to identify a subset of functional annotations in a training dataset. Classes in
the resulting predictive model meet four essential criteria: sufficient sample size
for training predictive models, minimal redundancy, strong class separability,
and relevance to substrate transport. Furthermore, we implemented a pipeline
for creating training datasets of transmembrane transporters that cover a wide
range of organisms, including plants, bacteria, mammals, and single-cell eu-
karyotes. For a dataset containing 98.1% of transporters from S. cerevisiae, the
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pipeline automatically reduced the number of functional annotations from 287
to 11 GO terms that could be classified with a median pairwise F1 score of
0.87 ± 0.16. For a meta-organism dataset containing 96% of all transport pro-
teins from S. cerevisiae, A. thaliana, E. coli and human, the number of classes
was reduced from 695 to 49, with a median F1 score of 0.92 ± 0.10 between
pairs of GO terms. When lowering the percentage of covered proteins down to
67%, the pipeline found a subset of 30 GO terms with a median F1 score of
0.95 ± 0.06.

4.2 Introduction

Proteins fulfill a variety of functions in each cell. One of these functions is the
transport of molecules across biological membranes, specifically those molecules
that cannot diffuse across the membrane on their own. There exist dedicated
transmembrane proteins, so-called membrane transporters, that enable the up-
take of ions and polar molecules such as sugars and amino acids, enable cell com-
munication and signaling, or mediate drug efflux leading to resistance against
antibiotics in pathogenic micro-organisms, for example [377].

Currently, the substrates transported by many of these transporters are still
unknown [233], and closing the sequence-annotation gap is an important task
in bioinformatics [378]. Whereas certain transmembrane transport proteins can
be assigned to their substrate class based on homology to a protein family, the
exact substrate is often determined by a very small part of the sequence, while
the remaining structure is an indicator of the transport mechanism, the protein
family and the ancestry, respectively [379] [365] [26]. On top of that, large
parts of known proteomes do not possess enough sequence similarity to related
proteins to infer functional information from, and thus belong to the so-called
dark proteome [18]. The ability to identify transporters for specific substrates
within a (meta-)proteome is essential across various research fields, including
biotechnology [16][14][15], pharmacology [7][5][6], and metabolomics [8][9].

Machine learning has been successfully applied to many fields [21], including a
number of studies that aimed to assign substrate classes to membrane trans-
porters. In 2010, Schaadt and Helms [39] trained Support Vector Machines
(SVMs) on the frequencies of amino acid types in protein sequences, in order to
distinguish between four substrate classes in A. thaliana. Other studies used se-
quence encodings based on multiple sequence alignments [366], position-specific
scoring matrices (PSSMs) [370], and physicochemical properties of the amino
acids in the sequence [40]. Text embedding methods adapted from Natural
Language Processing (NLP) were also employed for protein annotation [378].
Previously [349], we introduced a machine learning approach that combined
amino acid frequencies with different PSSMs for each protein, and optimized
the feature dimensions through feature selection on the training dataset. This
model achieved high evaluation scores on a dataset of transporters from A.
thaliana, and performed even better when applied to a meta-organism dataset.

Machine learning classifiers achieve optimal performance when trained on ho-
mogeneous, well-separated classes, as this improves pattern recognition, reduces
model complexity, and shortens training time [380]. However, the abundance
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of functional annotations and the complexity of their ontologies make it chal-
lenging to define classes of proteins that are distinct, while also providing useful
information in their predictions [381]. In previous studies, classes for predictive
models that aim to annotate substrates for all membrane transporters in a pro-
teome were selected manually. Schaadt and Helms [39] considered transporters
belonging to four classes of substrates in A. thaliana (amino acids, oligopeptides,
phosphates, and hexoses). Mishra et al. [40] split the transporters available in
Uniprot (version 2013 03) into seven substrate classes: amino acid/oligopeptide,
anion, cation, electron, protein/mRNA, sugar and other, and removed any trans-
port protein annotated with more than one substrate. The TranCEP method
[367] used this dataset for training as well. In our recent study [349], we con-
sidered four substrate classes (sugar, amino acids, potassium and electron).

However, relying on manually defined substrate classes has inherent limita-
tions. Broad categories like cation may merge proteins with diverse sequences,
structural folds, and transport mechanisms, potentially introducing confounding
variables that prevent accurate predictions. Likewise, the choice of very spe-
cific substrate classes, such as magnesium, might not contain enough samples
per class for training reliable machine learning models [349]. Selecting optimal
substrate classes for each dataset requires extensive manual effort and biolog-
ical knowledge. Therefore, we present an automated pipeline that generates
distinct, homogeneous protein classes, using a greedy algorithm that optimizes
class selection based on training data. Furthermore, the automated pipeline can
rapidly compile convenient datasets for selecting substrate classes and training
ML models across a variety of organisms, including bacteria, plants, mammals
and yeast, and combinations of those.

Although methods for reducing redundancy in sets of GO terms were previously
developed [382][381], they were not optimized for machine learning tasks. In-
stead, these approaches were primarily designed for gene set enrichment analysis,
operating on the entire GO and gene dataset. Therefore, they lack customiza-
tion for specific datasets and tasks, such as the ability to identify annotations of
transmembrane transporters that are both associated with a sufficient number
of proteins for training and specific enough to provide meaningful information
about the function of each transporter that is classified with the model.

With the recent rise of transformer models and natural language processing, first
attempts have been made to adapt these methods to general protein function
prediction [41]. Whereas most of these methods aim to assign annotations
from the entire Gene Ontology (GO) [47] to the proteins, creating a small and
non-redundant subset of functional annotations would considerably reduce the
number of nodes in the output layer, leading to simpler models that, in practice,
may provide a similar amount of information by their predictions.

Thus, the aim of this study was to implement a method that identifies an optimal
set of transport-function-related GO terms, so that putative transporters can be
reliably annotated with one or more of these terms. To this end, we implemented
an algorithm that drastically reduces the number of GO terms a protein dataset
is annotated with, and then returns a non-redundant subset with highly accurate
pairwise classification results, that still contains the original functional informa-
tion found in the complete set of GO annotations. Additionally, we introduce
an improved software pipeline to compile protein datasets, along with functional
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annotations, that allows for filtering of transporter sequences by various mea-
sures, indicating data quality and other attributes. Unlike prior approaches that
exclude multi-substrate proteins [39][40][349], our pipeline supports multi-label
datasets, allowing a single protein to belong to multiple classes. This automated
pipeline enables rapid and accurate identification of biologically relevant, sep-
arable transporter classes in a protein dataset, significantly reducing manual
curation efforts.

4.3 Materials and methods

4.3.1 Data retrieval and preprocessing

Protein data was obtained from UniprotKB, version 2022 05 [360]. Proteins
with fragmented sequences or without experimentally proven existence were not
included in the dataset. After this initial filtering, a total of 1,693,707 proteins
remained in the dataset. Non-standard amino acid codes, such as B, Z, J or
X, were removed from the sequences. These amino acid descriptors were found
in 45,718 protein sequences, although none of them were part of the membrane
transporter datasets we explored in the results section.

The corresponding dataset 2022-11-03 of all Gene Ontology (GO) annotations
[47], including those that were electronically inferred from other sources, was
downloaded from the official GO webserver and filtered for those genes with
Uniprot annotations. The relations between individual GO terms were down-
loaded from the Gene Ontology website, in the OBO format.

The code, along with links for downloading the raw data, is provided in the
official repository (see Appendix C.1).

4.3.2 Dataset creation pipeline

A dataset pipeline was implemented that creates filtered protein datasets and
annotates the proteins with a subset of GO terms. The protein sequences are
first filtered for a set of organisms, while the GO terms can be filtered for
those that are ancestors of a particular node (e.g. transmembrane transporter
activity). The proteins in the filtered Uniprot dataset are then annotated with
the GO annotations from Section 4.3.1. Outdated GO terms are updated to
their current version, using the alt id node annotations in the GO graph. If a
protein is associated with a particular GO term, then the ancestors of that GO
term according to the filtered GO graph receive that relation as well. The exact
parameters of the pipeline are listed in Appendix C.3.

For the transmembrane transporter dataset, only molecular function GO terms
that are descendants of transmembrane transporter activity (abbreviated as
TTA) were kept in the dataset, and only edges with the is a relation were al-
lowed. Protein annotations were filtered for the enables qualifier, which denotes
that the protein is directly responsible for the molecular function, as opposed
to acting upstream, for example.
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4.3.3 Pairwise similarity scores

After creating a dataset of n proteins, and annotating them with a subset of m
GO terms, we used the protein sequences of the annotated proteins, and other
associated data, to create similarity matrices of size m×m between pairs of GO
terms, with the goal of comparing these similarity scores to each other and to
evaluation scores calculated from machine learning models.

4.3.3.1 Sequence similarity

In order to determine a “sequence similarity between two GO terms”, a matrix
of pairwise sequence similarity scores between all proteins annotated with these
two GO terms was computed. This matrix was then aggregated into a single
number by taking the average, minimal or maximal value.

Pairwise sequence similarity scores were calculated with the Biostrings R-pa-
ckage, using the Needleman-Wunsch algorithm [311] for optimal global sequence
alignments, with the BLOSUM62 substitution matrix [68] and gap opening- and
gap extension penalties of 10 and 4, respectively.

4.3.3.2 Semantic similarity

Semantic similarity scores between pairs of GO terms were calculated using the
GOSemSim R-package [383]. Here, we used the method proposed by Wang
et al. [384], as it can be calculated directly from the GO graph, and avoids the
drawbacks of semantic similarity measures that are calculated on term-based
information content [384, 385, 386].

4.3.3.3 Overlap matrix

The overlap matrix for a set of m GO terms contains the number of proteins two
GO terms have in common. Each position i, j < m in the matrix corresponds
to the size of the intersection set between the set of proteins annotated with
GO term i, and the set of proteins annotated with GO term j.

4.3.3.4 Chemical similarity between substrates

Cross-ontology relations between GO and the ChEBI ontology [292] were re-
trieved through the QuickGO API [289]. After the preprocessing described in
Section 4.3.2, the GO terms are mapped to their corresponding ChEBI terms,
if any are available. Relations between ChEBI and GO terms were filtered for
“has primary input” and “has participant”, denoting a direct connection. An-
cestors of annotated ChEBI terms were associated with the respective GO terms
as well, according to a filtered ChEBI graph that only contained “is a” relations.

In order to calculate a measure of the chemical similarity between two sub-
strate transport GO terms, the GO annotations are first filtered for those that
are annotated with ChEBI identifiers representing primary substrate molecules.
Molecular fingerprints are derived from the SMILES-representations [387] of
the ChEBI terms, using RDKit [388]. Four different methods are used: Morgan
[389], Atompairs [390], Topological torsion [391], and MACCS [392]. The chem-
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ical similarity between two substrates is estimated as the Tanimoto coefficient
[393] of their fingerprints.

The chemical similarity between two substrate-transport GO terms is then de-
fined as the Tanimoto coefficient between the respective transported substrates.
If more than one molecule is associated with a GO term, the average, maximal
and minimal pairwise Tanimoto coefficient is calculated.

4.3.3.5 Evaluation of pairwise machine learning models

Machine learning (ML) models were trained to distinguish sets of protein se-
quences annotated with either one of two different GO terms.

To this aim, the protein sequences were transformed into numerical vectors of
constant length by applying the feature generation algorithms described in [349]
and Chapter 3: Amino acid composition (AAC), pair amino acid composition
(PAAC), and four PSSM features. The individual feature vectors were individu-
ally standardized along the sample axis, and concatenated into a single vector of
length 1,600. The four PSSMs for each protein were calculated by calling PSI-
BLAST with different parameters: either one or three iterations of PSIBLAST,
and either Uniref50 or Uniref90 [394] as the BLAST database, respectively. For
this analysis, we did not cluster the dataset at a sequence identity threshold of
70% as we did before [349], since we wanted to estimate the correlation between
sequence similarity and the performance of the machine learning models.

Class labels were derived from the GO annotation data described in Section
4.3.2. Depending on what type of model was used, all GO terms annotated to
fewer than k or ku proteins were removed from the dataset.

In our previous work [349], we observed that SVMs with RBF kernels were
usually among the best-performing models, as long as the sample size was
greater than 20, and no clear outliers could be found in the training dataset.
While we previously removed multi-substrate transporters if both substrates
were part of the classification task, we now used multi-output SVM classifiers
that can be trained on a dataset where one sample can belong to multiple classes
(e.g. when distinguishing proton transporters from proton+molecule symporters
or antiporters). In the latter case, only pairs of GO terms were allowed where
each term is associated with at least ku ≤ k unique proteins in the dataset,
excluding those that were part of the intersection. This was done to avoid cases
where all or most proteins that are annotated with the first GO term are also
annotated with the second GO term, which can, for example, occur when the
former is the parent node of the latter.

Since the feature dataset consisted of 1,600 feature dimensions, but only hun-
dreds or tens of samples, we added a feature selection algorithm to the machine
learning pipeline. Based on the training dataset, the percentage p of best feature
dimensions was selected, based on the ANOVA F-score between the respective
feature dimension and the corresponding class label.

The performance of each model was evaluated by computing precision, recall
and F1 scores individually for each class. The metrics represent the average
score across five iterations of a nested cross validation, where the outer cross
validation splits the data into a training dataset and an independent test set. An
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inner cross validation on the training dataset optimizes the hyper parameters of
the model, that is then evaluated on the independent test set. The position i, j
in the resulting matrix of pairwise evaluation metrics corresponds to the average
F1 score on the independent test sets across all outer folds, when distinguishing
the positive class i from the negative class j. The macro-averaged F1 score for
a pair of GO terms was taken as the arithmetic mean between positions i, j and
j, i.

4.3.4 Greedy algorithm for clustering of GO terms

GO terms can be closely related in terms of function, and therefore have many
annotated proteins in common. Trying to distinguish two very similar GO terms
from each other through means of machine learning can be a challenge, since
the small number of unique samples available for each class makes it harder for
the ML model to find the correct patterns in the feature vectors, and since the
function may be too similar. For that reason, we implemented a pipeline that
reduces the redundancy in a subset of GO terms.

First, all GO terms with fewer than n associated proteins were removed from
the dataset, since they would anyhow not possess enough samples available for
training a ML model. In some cases, we also removed the top pth percentile of
GO terms according to the distribution of sample counts. For the remaining GO
terms, a sparse matrix of pairwise ML evaluation scores was created. For each
pair of GO terms, a multi-output SVM with ANOVA-based feature selection was
evaluated by a 5-fold cross-validation approach. The average F1 score across the
respective test sets of CV iterations was then used as a measure for how well the
model can assign the correct GO terms to the associated protein sets, using the
ML features described in Section 4.3.3.5. Evaluation scores were only calculated
for pairs of GO terms where both have at least m unique proteins that are not
annotated with the respective other GO term. If not enough unique proteins
were available for training a classifier on a pair of GO terms, the respective
position in the matrix was left empty. This threshold m was necessary to avoid
cases where the annotated proteins of one GO term are a subset of the annotated
proteins of another GO term, which would leave us with little or no training
data for the minority class.

The set of GO terms was then optimized via a greedy algorithm that iteratively
removed one GO term per step. For each GO term g in the subset, the coverage
of remaining GO terms (i.e. those that have not been removed yet and are not
equal to g) was calculated by dividing the number of proteins annotated with
those GO terms by the total number of proteins. If removing a particular GO
term would not cause the coverage to fall below a specified threshold, that GO
term was considered as a candidate for removal. For each of these GO terms, the
potential impact (increase) of its removal on the average F1 score was calculated.
When calculating the average, the empty positions in the F1 matrix were filled
with a specified constant value, by default with -1, which ensures that these
GO terms get lower average scores and are removed first. The list of GO terms
considered for removal was then shortened to those with the highest positive
impact on the average F1 score when deleted, plus a small term ϵ, which causes
GO terms with a very similar impact on average F1 scores, e.g. a difference of
less than 0.001, to be considered to have the same impact.
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The GO terms with the highest positive impact were sorted by their level in the
GO graph (i.e. the distance from the selected root node), and either the most
abstract or the most concrete GO term was selected for removal, according to
the preference of the user. Should there still be multiple GO terms on the
same level, one of those terms was drawn by a deterministic random number
generator and removed from the set of GO terms. This method was repeated,
until no more GO terms could be removed without the coverage falling below
the specified threshold.

The exact algorithm used for optimizing GO annotation sets is described in
more detail in the supplemental material (see Appendix C.2).

4.3.5 Pipeline overview and complexity

Figure 4.1: Flowchart showing the entire method pipeline. First, the raw data is filtered and
cleaned, and converted to a binary data format for faster reading (see Section 4.3.1). Next, the
general protein dataset is converted to a specific transporter dataset according to specified
parameters (see Section 4.3.2). Then, the protein feature generation algorithms described
in our previous study [349] are applied to the data, and pairwise ML models are trained
and evaluated (see Section 4.3.3.5). Finally, the iterative optimization algorithm described
in Section 4.3.4 and in C.2 is applied to the dataset, and an optimized set of functional
annotations is returned.

The full pipeline, including transporter dataset creation, feature calculation,
pairwise machine learning model evaluation, and application of the greedy al-
gorithm, is outlined in a flowchart available in Figure 4.1. The entire software
package makes extensive use of caching, so after an initial pre-calculation phase
that requires up to a few hours on a modern desktop processor, the entire
pipeline can subsequently be executed within seconds. Pre-calculated PSSMs
for the feature calculation are provided together with the raw data, as the cal-
culation of four PSSMs for each protein is the most time-intensive task. During
the pre-calculation step for the greedy algorithm (see Section 4.3.3.5), a total of
k2−k

2 − j ML pipelines are trained and evaluated, where k is the initial number
of GO terms and j is the number of GO term pairs that share too many proteins
to have enough samples per class for training (e.g. when two annotations are
parent and child nodes in the Gene Ontology graph). The greedy algorithm
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itself removes GO terms until a number of conditions are met, meaning that its
linear runtime has an upper bound of k.

4.4 Results

4.4.1 Dataset creation pipeline

First, we employed an updated version of the transporter dataset creation
pipeline described in reference [349] to create a meta-organism transmembrane
transporter dataset. This dataset included transporters from four organisms:
Arabidopsis thaliana, Saccharomyces cerevisiae, Escherichia coli and human.

The proteins were filtered according to multiple criteria that measure the qual-
ity of the underlying data: The manual review status by Swissprot reviewers,
whether there are known genes associated with the proteins, the type of evidence
used to annotate the protein with a particular GO term, and whether the protein
is still part of the dataset after applying sequence clustering with a particular
threshold (see Table C.1). Table C.2 shows the number of transport-related GO
terms that these proteins are annotated with.

When selecting only manually curated data based on experiments, we obtained a
total of 1.602 transporters at a clustering threshold of 70%. With all of Uniprot
and the same parameters, we would only get additional 250 proteins, meaning
that these four organisms provide an adequate representation of all organisms
in Uniprot. The transporters in this meta-organism dataset were annotated
with 679 transmembrane-transporter-related GO terms, compared to 639 for
all of Uniprot. This was due to the sequence clustering, where lower clustering
thresholds are more likely to assign two proteins with different GO terms into
the same cluster, thereby potentially removing the GO terms of one of these
proteins from the dataset.

4.4.2 Application of the redundancy reduction pipeline to
the meta-organism dataset

Next, the GO term clustering pipeline described in Section 4.3.4 was applied
to this dataset. Due to the large number of proteins, we found it necessary to
not only remove GO terms with fewer than 20 proteins from the dataset, but
to also remove the top pth percentile of most general GO terms, according to
the distribution of protein counts. Protein counts follow a steep exponential
distribution, with a median of 4.0 and a maximum of 815, excluding the root
node transmembrane transporter activity (see Figure 4.2). When keeping GO
terms at or below the 99th percentile, which lies at 454.44, only seven out of
695 GO terms are removed. Removing the 35 terms above the 95th percentile
at 110.6 leaves us with 660 GO terms.

Before applying the greedy algorithm and when calculating pairwise F1 scores
with m = 10 and after removing GO terms with less than n = 20 proteins,
the dataset consisted of 1661 proteins annotated with 137 GO terms. For 1.666
pairs of these GO terms, no evaluation scores were available since their protein
sets were too similar to train a ML algorithm on them. The median F1 score
for the remaining pairs was 0.916.
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Figure 4.2: Number of annotated proteins for molecular function GO terms related to trans-
membrane substrate transport. The dataset only contains SwissProt proteins and GO term
annotations based on experimental data.

With p = 0 (i.e. when not removing the top p-th percentile GO terms according
to the number of annotated proteins), the median F1 score at a coverage of
100% starts at around 0.845 (see Figure C.1). Subset sizes are comparatively
small (see C.2), many pairs without F1 scores still remain in the dataset (see
Figure C.3). This is doe to the presence of abstract GO terms that cover many
proteins, but also have large overlaps with each other, such as channel activity
or secondary active transmembrane transporter activity (see Figure C.4). After
the greedy algorithm removed these abstract terms, they were replaced by their
child terms, which are more precise and have less overlap. This more than
doubled the number of GO terms needed to reach the required coverage, and
caused the number of pairs without scores to drop, while the median score rose
sharply. At lower coverage thresholds, the subset sizes dropped again, while the
F1 scores and available pairs continued to improve.

Removing the top 5th percentile of GO terms at the beginning of the pipeline
with p = 5 means that they do not have have to be removed by the greedy
method, and already yields good results at a coverage threshold of 100% (see
Figures 4.3, 4.4 and 4.5). With m = 5 and a coverage threshold of 0.96, which
was the highest coverage for which there were F1 scores available for all pairs,
we found a subset of 49 GO terms, with a median pairwise F1 score of 0.92 ±
0.10. Overlaps between the terms were low, the mean overlap was 2% and the
maximum overlap was 77% (see Figure 4.6).

Finally, we calculated the best subsets with m = 20. At this number of unique
proteins per GO term, the highest possible coverage is 67% with p = 5, and 60%
with p = 0 (see Figures 4.5 and C.3). The resulting subset of length 30 reached
a median F1 score of 0.95 ± 0.06. Overlaps were minimal (see Figure C.5),
with a mean and maximum overlap of 1% and 42%, respectively. In conclusion,
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Figure 4.3: Median F1 scores between pairs of GO terms for the meta-organism dataset,
after removing the top 5th percentile of GO terms according to sample count.

Figure 4.4: Final subset sizes for the meta-organism dataset generated by the pipeline, after
removing the top 5th percentile of GO terms according to sample count.
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Figure 4.5: Number of GO term pairs without F1 scores for the meta-organism dataset due
to a unique sample count of less than m, after removing the top 5th percentile of GO terms
according to the sample count distribution.

Figure 4.6: Heatmap showing the fraction of proteins annotated with GO term 1 that are
also annotated with GO term 2, for all pairs of GO terms in the optimized subset for the
meta-organism dataset.
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setting m to 20 represents a trade-off between coverage and subset size. After
the lowest possible redundancy is reached (as in Figure 4.6), the number of GO
terms can be further reduced by lowering the coverage threshold until pairwise
F1 scores are available for all GO terms at m = 20. This also has a positive
impact on the pairwise F1 scores.

4.4.3 Comparison of meta-organism results with substrate
classes used in previous studies

Finally, we compared the results of this study to previous machine learning
works that classified a set of transmembrane transporters into substrate classes.
For this, we searched the meta-organism dataset for GO terms that matched the
corresponding substrate transport functions. We evaluated the resulting sets of
GO annotations in terms of protein coverage, pairwise F1 scores, and annota-
tion overlap. Previous studies used keyword annotations from UniprotKB to
retrieve substrate classes, and one of these substrates was electron. However,
in the Gene Ontology, which was used in this study as basis of functional an-
notations, electron transfer activity is classified as a molecular function that is
separate from transmembrane transporter activity, rather than a descendant of
it. Therefore, membrane proteins that enable reactions of electron donors and
electron acceptors were not part of the new dataset, and were not available for
comparison.

In 2010, Schaadt and Helms only considered four substrate classes of phosphate,
amino acid, oligopeptide, and hexose [39]. In our dataset, using that subset of
proteins would have only covered 17.8% of transporters. The overlap between
the classes was small, only amino acid and oligopeptide had an overlap of 6%.
The average pairwise F1 score was 0.83 ± 0.14.

In 2014, Mishra et al. [40] also considered a category of other transporters based
on data from version 2013 03 of Uniprot. However, it was unclear to us which
substrates were included in that category. Furthermore, electron transfer pro-
teins were not part of our dataset. The remaining five classes of sugar, protein,
cation, anion and amino acid provided a protein coverage of 66.6%, with av-
erage F1 scores of 0.85 ± 0.13. Three substrate classes (amino acid, anion and
sugar) had overlaps of 22-36% with the cation class, in part because cation sym-
porters and antiporters were included in the dataset. Otherwise, the overlaps
were small.

Finally, we analyzed the substrate classes that we used in our previous study
[349]. When excluding the electron transfer proteins, the remaining three sub-
strate classes sugar, amino acid and potassium had no pairwise overlaps and
covered 26.2% of the meta-organism dataset, with average pairwise F1 scores of
0.9 ± 0.05.

By comparison, the meta-organism GO subset of 49 GO terms that was op-
timized for high protein coverage included 96% of transporters, with median
F1 scores of 0.92 ± 0.1. The median overlap was 0.0, with a small number of
outliers that were necessary to reach the high coverage (see Figure 4.6). When
accepting a lower coverage of 67%, we found a subset of 30 GO terms with
median F1 scores of 0.95 ± 0.06, and much smaller overlap between the classes
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Figure 4.7: Number of GO terms available for training, at different thresholds for the mini-
mum number of proteins associated with any GO term in the yeast dataset.

(see Figure C.5), meaning that the increased detail of the larger subset led to
better classification performance and more consistent ML models.

4.4.4 Yeast transporter dataset

4.4.4.1 Results of the dataset creation pipeline

In a second stage, we analyzed a single-organism dataset, containing trans-
porters from S. cerevisiae. Here, all transporters in our dataset are part of
the manually curated SwissProt database, meaning that considering data from
TrEMBL would not have increased the sample count. The gene names of all pro-
teins in the dataset were known. The final protein dataset contained 332 trans-
port proteins. Sequence clustering with CD-HIT [317] at a similarity threshold
of 70% would reduce that number to 303.

When applying the annotation pipeline described in Section 4.3.2, the trans-
porters were directly annotated with 211 unique transport-related molecular
function GO terms. Adding the ancestors of these GO-MF terms to the dataset
increased that number to 288. Overall, our yeast dataset contained a total of
3,299 unique relations between transport proteins and transport-related func-
tional GO terms, 380 of which were inferred by electronic annotation (IEA).

4.4.4.2 Evaluation score matrix from machine learning models

Previously [349], we showed that at least 20 proteins per class are necessary to
predict substrates of transmembrane transporters with good accuracy. There-
fore, we pruned the GO terms in our dataset to those with at least 20 associated
proteins. This represents a tradeoff, because the number of GO terms available
for classification decreases rapidly if the minimum required number of proteins
per GO term is raised (see Figure 4.7). Filtering the GO terms in this way
did not decrease the number of proteins in our dataset, since they were still
annotated with the ancestors of these more specific terms.
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Next, we generated a sparse matrix containing the evaluation scores of pairwise
machine learning classifiers, as described in Section 4.3.3.5. Each matrix entry
is equal to the score of a multi-output SVM-RBF classifier that annotates a
protein sequence with either one or both of the GO terms. Models were only
trained on pairs of GO terms where each term was associated with m unique
proteins, i.e. those that were not in the intersection set between the protein sets
of the two GO terms. The final matrix had 37 dimensions. With m = 20, 524
out of 1,332 distinct pairs of GO terms were not suitable for evaluation due to
a lack of unique samples in at least one of the classes.

After performing a nested cross validation for each pair of GO terms, the median
F1 score on the independent test sets was 0.91 (see Table C.3). In order to
test the impact of feature selection and dimensionality reduction on the scores,
we trained two additional ML pipelines that employed either ANOVA-based
feature selection or PCA to reduce the number of feature dimensions, based
on the respective training dataset at hand. While feature selection did not
substantially impact the median F1 score, it improved the minimum scores
between pairs of GO terms from 0.15 to 0.23 and 0.37 for PCA and ANOVA,
respectively. Overall, the model with ANOVA-based feature selection seemed
to perform best.

Finally, we repeated the same tests after removing redundant sequences with
more than 70% sequence similarity from the dataset using cd-hit. This reduced
the number of proteins in the dataset from 332 to 303, and the number of GO
terms with more than 20 associated proteins from 37 to 32. Median F1 scores
on independent test sets between all GO term pairs were between 0.02 and 0.04
lower across the different models (see Table C.3).

4.4.4.3 Comparative analysis

Now we wanted to find out which pairs of GO terms can be well distinguished
and which ones not. Intuitively, one may expect that it is more difficult to
distinguish transporters of substrates A and B when either the protein sequences
are highly similar to each other or when A and B are very similar. To this aim,
we compared the model evaluation scores of binary machine learning models
trained on pairs of GO terms to similarity scores for those GO terms.

The data was split into two subsets: GO term pairs with a macro-averaged
F1 score below 0.75, and GO term pairs with an F1 score above or equal to
0.75. This threshold was selected based on the minimum sample size in each
set, where a lower value would result in fewer than 30 GO term pairs in the
subset of low-performing pairs, which could lead to biased results.

We tested using the Shapiro-Wilk test [327][328] which of the similarity scores
follow a normal distribution. The median and mean sequence identities, and
the GO semantic similarity had a test statistic higher than 0.9, indicating they
follow a normal distribution.

For each of these normally distributed variables, we performed a one-tailed inde-
pendent t-test between the two subsets of low-performing and high-performing
GO term pairs, with the alternative hypothesis that the mean similarity score
of the pairs with low F1 score was smaller than the mean of the population. Af-
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Spearman correlation

Similarity measure Mean F1 training set Mean F1 test set

GO max sequence identity -0.602 -0.555

Annotation overlap -0.475 -0.421

Sample count diff. -0.446 -0.420

GO semantic similarity -0.331 -0.312

GO median sequence identity -0.054 -0.032

GO mean sequence identity -0.039 -0.017

GO min sequence identity 0.442 0.405

Mean F1 training set 1.000 0.957

Mean F1 test set 0.957 1.000

Table 4.1: Spearman correlations between F1 scores and similarity measures for the yeast
dataset. Classification performance of ML models was calculated as the average F1 score.
Correlation analysis was carried out to see if any similarity score can predict classification
performance.

ter multiple-hypothesis correction by the Benjamini-Hochberg method, only the
mean sequence identity (p=0.0306) was statistically significant with p < 0.05.
No statistically significant similarity scores were found for the other tail of the
distribution.

For the similarity scores that did not follow a normal distribution, we per-
formed two non-parametric Mann-Whitney-U tests between the two subsets for
each score, one for each tail of the distribution. After Benjamini-Hochberg
correction, the mean sequence identity and the minimal sequence identity had
statistically significant p-values, with the alternative hypothesis that pairs with
lower F1 scores have a lower similarity score. For the other alternative hy-
pothesis, i.e. that pairs with lower F1 score have a higher similarity score, we
found the absolute difference in sample count, the maximum sequence identity
between proteins annotated with the GO terms, and the semantic similarity to
be statistically significant.

In summary, good ML separability between a pair of GO terms requires (unex-
pectedly) that the sequence similarity between the associated proteins should
be higher than a certain minimum, but also (expectedly) should not exceed a
certain maximum. The Wang method [384] for calculating semantic similar-
ity between GO terms was also able to predict good ML performance, meaning
that proteins annotated with more dissimilar molecular functions are also better
separable by the ML model.

In addition, we also calculated correlation coefficients between F1 scores and
similarity measures of all pairs in the dataset. Spearmans rank correlation was
used, since most of the tested variables were not normally distributed. The F1
scores on the training and test data showed a very high correlation of 0.956,
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GO term Proteins

amide transmembrane transporter activity 21

carbohydrate derivative tta 25

carboxylic acid tta 64

monoatomic cation tta 131

organophosphate ester tta 22

passive tta 32

primary active tta 61

protein tta 21

salt tta 72

secondary active tta 80

sulfur compound tta 21

Table 4.2: Subset of GO terms selected for the yeast dataset when optimizing for protein
coverage and prioritizing more specific terms. More general terms related to the mechanism
are needed to increase coverage of the resulting multi-output model. tta = transmembrane
transporter activity.

meaning that the trained models adapt well to the independent test sets. The
highest correlation (0.44) was observed for the minimum sequence identity, the
lowest correlation (-0.55) for the maximum sequence identity (see Table 4.1),
which corresponds to the results obtained from the statistical tests.

Finally, we calculated mean F1 scores of individual GO terms across the pairs
and compared them to a variety of attributes, including the number of annotated
proteins and the level (i.e. the distance from the root node). The highest positive
correlation with the test F1 score was found with the level (0.39), while the
lowest (-0.61) was with the number of annotated proteins. This means that class
labels should not be too abstract, since the set of protein sequences annotated
with very broad GO terms is more diverse, making it harder for the machine
learning model to find patterns.

4.4.4.4 Applying the GO term clustering algorithm to the yeast
dataset

After removing all GO terms with fewer than n = 20 samples from the S.
cerevisiae dataset, we were left with 36 out of 287 transmembrane transport-
related GO terms.

Since the multi-output classifiers we used are capable of annotating proteins
with one or both of the GO terms, we needed to filter out pairs where the
minimum number of unique proteins per class, i.e. proteins that were not part
of the intersection of the classes, was higher than a threshold m. We tested four
different values for the parameter m: 5, 10, 15 and 20. Setting m to a value
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GO term Proteins

amide tta 21

carbohydrate derivative tta 25

inorganic molecular entity tta 158

macromolecule tta 21

monoatomic ion tta 142

organic acid tta 65

organophosphate ester tta 22

primary active tta 61

salt tta 72

secondary active tta 80

sulfur compound tta 21

Table 4.3: Subset of GO terms selected on the yeast dataset when optimizing for protein
coverage prioritizing abstract terms. More general terms related to the mechanism are needed
to increase coverage of the resulting multi-output model. tta = transmembrane transporter
activity.

lower than five was technically not possible in our workflow, since we need at
least five unique proteins for the 5-fold cross validation. Increasing m leads to
a smaller number of pairs with F1 scores available in the pairwise evaluation
matrix at high coverage values (see Figure C.6), but leads to more consistent
median F1 scores (see Figure C.7). Based on these findings, we selected m = 10
as a trade-off between high coverage of the resulting subset and large enough
sample count during evaluation of the pairwise SVM models. Before optimizing
the subset, evaluation scores were available for 244 out of 1296 possible pairs,
and the median F1 score was 0.90. Applying the greedy optimization algorithm
described in Section 4.3.4 with m = 10, ϵ = 0 and a preference for less abstract
terms yielded a subset of 11 GO terms that cover 98.1% of all transmembrane
transport related proteins in S. cerevisiae. F1 scores were available for all pairs
of GO terms in the optimized subset, the median score was 0.87 (see Table
4.2). The pairwise overlap matrix of the subset (see Figure C.8) has a relatively
low median value of 0.07 (arithmetic mean of 0.12), with a maximum pairwise
overlap of 0.66. This is mostly due to the fact that abstract terms such as
primary active transmembrane transporter activity need to remain in the dataset
in order to reach the 98% coverage, since many of their child terms do not have
enough annotated proteins to be included. For the meta-organism dataset, this
issue was overcome when we included proteins from other organisms. Asking
the pipeline to prefer more abstract terms did not have an effect on the subset
that was found by the algorithm, with the given parameters.

Next, we tried other values of ϵ, along with ten different random seeds for the
random number generator. Higher values of ϵ cause more GO terms to be
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considered to have the same impact on the average F1 score, therefore making
the results more dependent on the random draws that happen at the end of
the pipeline. This can be used as an additional optimization step, in cases
where the greedy algorithm finds a local minimum. Results were filtered for
those subsets with high coverage (98% or more) and with F1 scores available
for each pair. With m = 10, all resulting subsets were made up of 11 GO terms
and a minimal variance between the results obtained with different random
seeds and ϵ values. When telling the algorithm to prefer abstract terms and
setting ϵ to 0.005, a subset with a slightly higher coverage was found (99%
compared to the previous 98.1%), with a median F1 score of 0.87 (see Table
4.3). The resulting subset showed a higher average and median overlap (0.16
and 0.1, respectively), and a much larger maximum overlap of 0.91. While
preferring abstract terms can increase the protein coverage, for example by
selecting organic acid (65 proteins) instead of its child term carboxylic acid (64
proteins), the more generalized terms are more likely to annotate other proteins
in the dataset, leading to larger pairwise overlaps.

4.4.4.5 Chemical similarity based on molecular fingerprints

Finally, we explored whether substrate ChEBI terms associated with GO terms
(see Section 4.3.3.4) can be used to cluster a training dataset of transport pro-
teins into substrate classes, by calculating a chemical similarity score for each
pair of transporters in the training dataset, based on their substrates. This is
done by retrieving a string representation for each molecule (called SMILES),
transforming that into a binary vector using one of several algorithms, and then
comparing these binary fingerprints with the Tanimoto coefficient (see Section
4.3.3.4). ChEBI annotation could also be useful to automatically filter out ab-
stract transporter function GO terms, such as those that describe the type of
mechanism, as these terms are not annotated with a molecule.

Of the 288 GO terms in the yeast transporter dataset, 221 were annotated with
ChEBI terms, and 149 of those had SMILES representations. Only 15 GO terms
had both SMILES of their primary substrates available, and were also annotated
with 20 or more proteins from S. cerevisiae, which is a lower bound on the num-
ber of samples per class when training ML models to find transporter substrates
[349]. These 15 GO terms annotate 173 of 332 transmembrane transport pro-
teins in S. cerevisiae, meaning that only using GO terms that are annotated
with ChEBI terms would lower the number of proteins and substrate classes
in our dataset considerably. The main issue is that abstract GO terms are of-
ten linked to abstract ChEBI terms that are, in turn, not directly linked to
SMILES. For example, the GO term glucose transmembrane transporter activ-
ity (GO:0005355) is linked to the ChEBI term glucose (CHEBI:17234), which
does not have a SMILES string available. This is the case because glucose is a
parent term in the ChEBI hierarchy that has a sub-tree of different molecules
below it, such as D-glucopyranose, D-glucofuranose, aldehydo-D-glucose, and
their L-glucose enantiomers. SMILES are typically only available for these leaf
nodes in the ontology graph, which are, in turn, linked to fewer GO terms and
proteins.

One idea was to combine the child molecules of an abstract term, such as glucose,
into one SMARTS string. As an extension to SMILES, these provide additional
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syntax that allows for wildcards, logical operators, rings or even recursion in the
molecule representation, meaning that a set of similar molecules can be encoded
with just one string. Algorithms for calculating the similarity between SMARTS
have been developed [395]. However, this approach did not yield good results for
our use-case. For example, the set of glucose molecules contains glucopyranose
and glucofuranose in their closed- and open-chain conformations, both as D and
L enantiomers, and with or without 13C carbon isotopes. On the other hand,
an eukaryotic glucose uniporter such as GLUT3 (Section 2.1.3.2) typically only
transports D-glucopyranose, which means that combining all glucose molecules
into a SMARTS string would not be a good imprint of its binding pocket.

Automatically finding a representative molecule for each abstract substrate term
proved challenging, as a term like hexose can have a sub-graph of dozens or
hundreds of molecules beneath it that can also contains cycles. This means that
an appropriate SMILES string would have to be manually selected for each of
the 288 transporter GO terms in yeast (679 GO terms for the meta-organism
dataset) based on literature that tells us which sub-type of an abstract molecule
description is actually present in a particular organism. This would contradict
the premise of an automated annotation pipeline.

4.5 Discussion

Here, we aimed at identifying an optimal set of molecular function GO terms to
split the members of a membrane transporter dataset, where optimality is meant
in terms of separability. As an analogy, one could try to classify humans into
those that like pop music, jazz, classical music or none of all. One question would
then be whether it is beneficial to subdivide classical music into sub-categories,
or to remain at the more abstract level of classical music. The analogy of music
styles are GO terms at different abstraction levels of the Gene Ontology.

First, we implemented a software pipeline that automatically generates datasets
of specified transmembrane transporter proteins, where the proteins and their
functional annotations can be filtered for a variety of attributes, such as data
quality, organism or the cellular compartment where they carry out their func-
tions. Using this pipeline we created two transmembrane transporter datasets:
A single-organism dataset containing only proteins of S. cerevisiae, as well as a
meta-organism combining the transporters of human, S. cerevisiae, E. coli and
A. thaliana.

Then we implemented an algorithm for reducing the redundancy in a set of GO
terms, in order to find an optimal set of classes for training a machine learning
algorithm. This greedy algorithm aims to minimize the pairwise overlaps of
annotated protein sets, while producing subsets containing either abstract terms
or specific terms. A filter for minimum and maximum protein count of the GO
terms is employed, in order to reduce major differences in sample size.

When applying the pipeline to the meta-organism transporter dataset, the opti-
mized subset contained 49 out of 695 functional annotations, which provided a
coverage of 96%, a median pairwise F1 score of 0.92± 0.10, and a mean overlap
of 2%. Lowering the minimum required protein coverage to 67% reduced the
subset size to 30 GO terms, with a median F1 score of 0.95 ± 0.06 and a mean



4.5. DISCUSSION 123

annotation overlap of 1%. This was an improvement on previous attempts at di-
viding transporters into substrate classes, which either provided a much smaller
protein coverage, or led to lower pairwise F1 scores because of broader func-
tional annotations. For the yeast dataset, the algorithm lowered the number
of transporter GO terms from 287 to 11, with a median pairwise F1 score of
0.87 ± 0.16 and covering 98.1% of transmembrane transporters.

Also, we tested for the yeast dataset what characteristics of two sample groups
determine whether they are well separable or not. To this end, we computed
multiple pairwise similarity measures for the GO terms. On each pair of GO
terms, we trained and evaluated a multi-output SVM model with RBF-kernel,
using ML-features derived from the amino acid sequence and from evolutionary
information. Model evaluation was carried out in a nested 5-fold cross validation
approach, and the average F1 score across the five test sets was used as a metric
for how well the model can distinguish proteins of these two classes. When
only evaluating pairs of GO terms where each GO term has at least m = 20
unique samples available for training, the SVM-RBF model with our combined
ML-feature and ANOVA-based feature selection achieved a mean F1 score of
0.88 ± 0.11 on the test sets for the S. cerevisiae dataset (see Figure C.3).

Then, we compared the similarity scores to these F1 scores on the yeast dataset
using correlation coefficients and statistical tests. We found that the strongest
predictor of low F1 scores was a low mean sequence identity between proteins
annotated to the two different GO terms. On the other hand, both a lower
minimum sequence identity and a higher maximum sequence identity between
pairs of proteins annotated with the GO terms are predictors of low F1 scores.
Together, this means that the protein sets should not be too similar, but also
not too dissimilar to each other. Another predictor of a low evaluation score was
a large difference in sample count, so comparing very abstract to very specific
functional annotations can lead to poor results. The GO semantic similarity
was also able to predict good separability with machine learning models.

While correlations with machine learning performance were observed, such as
with minimum and maximum sequence identity (see Table 4.1), these corre-
lations were not strong enough to make decisions about which annotations to
keep and remove. Hence, we implemented a greedy algorithm that optimizes
class selection based on the training dataset. Although the requirement of at
least 20 samples per functional annotation prevents the inclusion of very spe-
cific GO terms, we addressed this limitation by adding the ability to create
meta-organism training datasets that can include proteins from plants, bacte-
ria, single-cell eukaryotes, and mammals. Multi-output machine learning algo-
rithms, which allow training on proteins with multiple substrates are helpful in
increasing the number of available samples per annotation.

Our method offers an automated solution to identify which functional annota-
tions of transmembrane transporters can be separated with sufficient accuracy
through machine learning. It provides a pipeline that vastly reduces the redun-
dancy in a set of functional annotations, using a greedy algorithm and training
data. Another pipeline allows for the creation of custom training datasets for a
variety of organisms, including plants, single-cell eukaryotes, bacteria and mam-
mals. This approach reduces the need for extensive manual effort in simplifying
datasets, and helps in improving machine learning model efficiency, classification
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performance, and training time. This brings us closer to the goal of creating pre-
dictive models that can automatically annotate entire proteomes and metapro-
teomes with transmembrane transport annotations and transported substrates,
providing valuable information for various fields of research [16][14][6][8].



Chapter 5

Application of Protein
Structure Encodings and
Sequence Embeddings for
Transporter Substrate
Prediction

This chapter was published in the MDPI Molecules journal, on August 01, 2025
[396].

Code and raw data are available at https://github.com/adenger/subpred_dl.

5.1 Abstract

Membrane transporters play a crucial role in any cell. Identifying the substrates
they translocate across membranes is important for many fields of research, such
as metabolomics, pharmacology, and biotechnology. In this study, we leverage
recent advances in deep learning, such as amino acid sequence embeddings with
protein language models (pLMs), highly accurate 3D structure predictions with
AlphaFold 2, and structure-encoding 3Di sequences from FoldSeek, for predict-
ing substrates of membrane transporters. We test new deep learning features
derived from both sequence and structure, and compare them to the previously
best-performing protein encodings, which were made up of amino acid k-mer
frequencies and evolutionary information from PSSMs. Furthermore, we com-
pare the performance of these features either using a previously developed SVM
model, or with a regularized feedforward neural network (FNN). When evaluat-
ing these models on sugar and amino acid carriers in A. thaliana, as well as on
three types of ion channels in human, we found that both the DL-based features
and the FNN model led to a better and more consistent classification perfor-
mance compared to previous methods. Direct encodings of 3D structures with
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Foldseek, as well as structural embeddings with ProstT5, matched the perfor-
mance of state-of-the-art amino acid sequence embeddings calculated with the
ProtT5-XL model when used as input for the FNN classifier.

5.2 Introduction

Due to advances in high-throughput sequencing and proteomics, the amount of
biological data is growing exponentially. This enables a better understanding
of biological complexity by revealing new protein families with common evolu-
tionary origins, as well as shared three-dimensional folds derived from predicted
protein structures. At the same time, it also enhances the possibilities for en-
coding this data, in order to sharpen the accuracy of predictive machine learning
models. These models can, in turn, help us understand the biological functions
that these genes and gene products serve in the living organism.

5.2.1 Motivation and Background

Membrane transporters are a crucial part of any cell, selectively transporting
nutrients, metabolites, signaling molecules, and charged ions across its mem-
branes, as well as drugs and xenobiotics. Determining the transport proteins
that are present in a proteome, along with their transport mechanisms and
their transported substrates, is therefore an important task that leads towards
a deeper understanding of the connections between intra- and inter-cellular net-
works. Discovery of transporters for a particular substrate has implications for
various fields, such as pharmacology and metabolomics. In biotechnology, the
efflux of intermediary molecules is a common problem when optimizing micro-
organisms for the production of a particular product.

After analyzing predicted 3D structures of human solute carriers, along with
their homologues in other species, Ferrada and Superti-Furga [397] suggested
that the 455 proteins share a total of 180 evolutionary origins. Furthermore,
most of these proteins can be assigned to one of a small number of different
structural folds [28][159]. The substrate specificity, however, does not necessar-
ily depend on the fold and evolutionary origin of the protein, as it can evolve
later throughout evolution. Human sugar transporters, for example, include the
GLUT family of uniporters [167], which possess the MFS fold [29], while the
SGLT family of sugar-cation symporters displays the LeuT fold, making it part
of the APC superfamily, which is mainly made up of amino acid transporter fam-
ilies [177]. In 2010 [398], the SWEET family of bi-directional sugar uniporters
was found in A. thaliana, and homologues have been discovered in prokaryotes
and animals, including one human SWEET transporter [399]. Prokaryotes also
possess ABC transport complexes with unique folds that import nutrients, such
as amino acids and sugars [34].

5.2.2 Membrane Transporter Substrate Prediction with
Machine Learning

Due to this complexity, one cannot solely rely on similarity of sequence and
structure to tell transport proteins apart by their substrates, and there is a
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need for developing specialized protein encodings that can capture the nec-
essary information, beyond evolutionary relationships and shared protein do-
mains. Machine learning methods trained on protein sequence have successfully
been used for this purpose. Schaadt and Helms [39] encoded protein sequences
through amino acid frequencies, as well as through data from multiple sequence
alignments (MSAs) [366], to assign transporters in A. thaliana to four substrate
classes. Other approaches incorporated evolutionary information from position-
specific scoring matrices (PSSMs) [370], as well as physicochemical properties of
residues in the sequence [40][367], to classify transporters in manually assembled
subsets of Swiss-Prot. More recently, deep learning architectures have also been
applied in this field. For example, the tool SPOT used transformer networks
to predict whether an arbitrary chemical entity is likely to be a substrate of a
given transporter or not [400]. The tool NA cNN tested four current protein
language model embeddings of amino acid sequences, and was able to identify
sodium transporters among all membrane proteins with high accuracy [401].

In a previous study [349], we compared and combined existing protein sequence
features into a META-feature, and tested their performance across different
machine learning models and transporter datasets. We then compared model
performance to various similarity measures between substrate classes and pro-
tein annotations through correlation analysis and statistical testing, and intro-
duced an optimization algorithm that identifies a set of substrate classes for
a dataset of transmembrane transporters with minimal redundancy and high
pairwise classification performance [376]. As a basis for that work, we also de-
veloped a dataset pipeline for creating annotated protein sets, where constraints
on predicted and experimental data allowed for a trade-off between the quantity
and quality of the training data.

5.2.3 Applications of Deep Learning Models in Bioinfor-
matics

Recent advances in deep learning, such as transformer models [402], convo-
lutional neural networks (CNNs) [403], graph neural networks (GNNs) [404],
and variational autoencoders (VAEs) [405], have successfully been applied to
a wide range of tasks in computational biology. This includes feature extrac-
tion from protein sequences [378][406], protein sequence generation from text
[407][408][409], as well as various predictive tasks, e.g., for secondary and ter-
tiary structure [21][410][411], structural similarity and protein family member-
ship [412][413], GO term annotations [414][415][416][417][418], protein–protein
interactions (PPIs) [419][420], sequence variant effects [421][422], sub-cellular
location [423][424], and many more.

Transformer-based protein language models (pLMs), such as ProtT5 [378] and
ESM [406], have been trained on proteomics datasets containing a very large
number of sequences [418]. These pre-trained models can now be used for feature
extraction from amino acid sequences in the form of language embeddings, or
they can be fine-tuned, e.g., for protein sequence generation [425]. To apply
these methods from natural language processing (NLP) to proteins, each amino
acid in the sequence is treated as a word, and encoded by a numerical token.
The encoder of the transformer model then converts these words into fixed-
length numerical vectors. These vectors can be averaged (mean-pooled) across
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the sequence to create a vector representation for the entire protein. Both the
per-protein and per-residue embeddings are suitable as input for other models,
to predict properties of the entire protein or of individual sequence positions,
respectively, through supervised learning [417][424][416][425][418]. As similar
proteins produce similar embeddings, they can also be used for unsupervised
learning techniques such as clustering, and for visualization [426]. In addition
to embeddings, another commonly found method for encoding protein sequences
is that of trigrams [427][428], which we refer to as 3-mer frequencies. Previous
approaches for membrane transporter substrate prediction trained models on
k -mer frequencies with k ∈ {1, 2} in the form of amino acid composition and
pair amino acid composition (AAC and PAAC, respectively). Yet, it would be
interesting to compare the performance of k = 3.

5.2.4 Predictive Methods Based on Protein Structures

Due to the high accuracy of protein 3D structural models predicted from se-
quences with AlphaFold [21] and similar models [411][410], and the resulting
availability of protein structures for hundreds of millions of proteins [275], a
new generation of bioinformatics software has emerged that uses this data for
data mining and prediction, often along with features derived from the amino
acid sequence, from evolutionary information in the form of PSSMs or MSAs,
and/or from known protein–protein interactions (PPIs) [429] [351] [430] [431].
Some methods, such as DeepFRI [351], GAT-GO [431], GNNGO3D [429], and
Panda3D [430], encode the structures directly, typically by calculating con-
tact maps or distance maps between α-carbon atoms in the amino acids. An-
other technique for encoding protein structures, which is already used by some
homology-based predictive models [432][42], exists in the form of 3Di sequences.

These 3Di sequences were introduced together with the 3D structure search tool
Foldseek [42], and aim to encode a protein structure as a structural sequence
that has the same length as the respective amino acid sequence, and the same
alphabet size of 20. The 3Di state of a residue takes its nearest neighbor into
account, along with surrounding positions in the sequence. Based on descrip-
tors derived from these residues and their relative positions in the structure and
sequence, a VAE model finds 20 discrete states with high conservation among
the protein structures in its training dataset. The 3Di sequence of a protein
can then be used for sequence alignments with the help of a substitution matrix
to compare the folds of two proteins, or for fast database searches to find sim-
ilar structures, and potentially infer functions or properties through structural
homology [42][432].

So far, 3Di sequences have only been used as ML training data by a few predic-
tive models, e.g., the Topsy-Turvy 3D (TT3D) model [433] for predicting PPIs,
which encoded 3Di sequences by one-hot encoding, and combined that with
amino acid embeddings from a pre-trained pLM. Furthermore, the ProstT5
model [434] is a Text-to-Text Transfer Transformer (T5) [435] that aims to
translate directly between amino acid and 3Di sequences, and was trained on
both. As it is a transformer model, its encoder can be used to create embeddings
for either type of sequence.
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5.2.5 Outline

The goal of this study is to test whether recent advances in deep learning lead
to better models for membrane transporter substrate prediction. To this end,
we compared previously published methods, which train SVMs on amino acid
k-mer frequencies and evolutionary information from PSSMs, against features
generated with various deep learning models, such as amino acid embeddings
from pLMs, as well as features derived from 3Di sequences. The structural mod-
els for calculating the 3Di sequences were, in turn, predicted from the protein
sequence with AlphaFold. We tested the performance of 3Di embeddings with
ProstT5, and used 3Di k-mer frequencies as ML-features for prediction, both
of which, to our knowledge, have not been tested so far. Finally, we tested the
impact of replacing our previous SVM model with a regularized feedforward
neural network (FNN).

5.3 Methods

5.3.1 Data Availability

All code used in this study is provided in a git repository at https://github.com/
adenger/subpred_dl (accessed on 28 July 2025), together with a reproducible
coding environment that contains all dependencies. Links to archives containing
raw and pre-processed data can be found in the description of the repository.
Together with the code and environment, the results found in this study can be
fully recreated. The “preprocessing” folder contains all scripts that were used
to download and process the raw data.

5.3.2 Protein Dataset Creation

Annotated protein datasets were automatically assembled with a dataset cre-
ation pipeline. Protein sequence data was retrieved programmatically from the
Uniprot [245] API (version 2025 02). This table contains all proteins from Swiss-
Prot (reviewed) and TrEMBL (unreviewed), along with accessions from other
databases, such as Uniprot Keywords, Interpro [294], gene names, and Trans-
porter Classification Database (TCDB) [233] identifiers. Only proteins with
non-fragmented sequences were retrieved. We only kept proteins in the dataset
where the existence of the protein sequence had been experimentally verified at
the protein level, and where the encoding gene was known.

As some of the machine learning features used in this study were calculated on
predicted 3D structures from AlphaFoldDB [21, 275], which does not consider
proteins with non-standard amino acid codes such as B, O, U, Z, and X, we
removed these proteins from our datasets.

The code for the dataset creation pipeline was adapted from our previous studies
on transmembrane transporter substrate prediction [349, 376], and can now
create datasets for any task that involves the prediction of GO terms for sets of
protein sequences or 3D structures, not just transporter datasets.

Sequence clustering was carried out on the dataset with CD-HIT [317] to prevent
two very similar proteins from the same class being part of the training and test

https://github.com/adenger/subpred_dl
https://github.com/adenger/subpred_dl
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sets. As in previous studies, we employed a threshold of 70% sequence identity
[349].

5.3.3 Gene Ontology Graph and GO Annotations

Functional annotations about substrate specificity were retrieved as Gene Ontol-
ogy [47] (GO) terms from the molecular function aspect of the Gene Ontology.
The full dataset of Gene Ontology annotations [288] for Uniprot (GOA-Uniprot-
All version 226) was downloaded from the FTP server of the European Bioin-
formatics Institute (EBI) in the GO annotation format (GAF, version 2.2), and
subsequently filtered for relevant columns and rows using AWK (version 5.3.1)
and Python (version 3.12.10). During filtering, only annotations of Uniprot
accessions were kept, along with information about the evidence quality, and
about the type of relation between each protein and GO term. In a final pre-
processing step, all but the proteins from Section 5.3.2 were removed, reducing
the compressed file size from 21 GB to 280 MB.

Relations between the GO terms were downloaded from the official GO website,
in the OBO format [280] (database version 2025-03-16). They were read into a
NetworkX (version 3.4.2) [436] graph data structure using the obonet Python
package (version 1.1.1).

When a machine learning protein dataset with GO annotations was created with
specified parameters, the implicit GO annotations for all proteins were derived
from the explicitly listed annotations and added to the dataset, using graph
search methods from the NetworkX package. When a protein was annotated
with a specific GO term, and that GO term was connected to more abstract GO
terms through the “is a” relation, then the protein was annotated with those
ancestor terms as well.

5.3.4 Blast Databases and PSSM Calculation

Position-specific scoring matrices (PSSMs) were calculated with PSI-BLAST
[299] on local protein-BLAST databases created from Uniref50 and Uniref90
(version 2022 05) [267]. Both the PSSMs and the BLAST databases were gen-
erated with the blast+ package (version 2.16.0) [316]. We calculated PSSMs
for each protein with either one or three iterations of PSI-BLAST on either of
the two BLAST databases, with an E-value threshold of 0.002. PSSMs were
stored in a cache folder, which greatly reduces the runtime of subsequent runs.
A script for updating the BLAST database is provided in the repository.

5.3.5 Predicted 3D Structures and 3Di Sequences

Predicted 3D structures were downloaded from the AlphaFoldDB (version 4)
[21, 275] FTP server for four model organisms: A. thaliana, E. coli, S. cerevisiae,
and human.

The 3D structures of all proteins in the AlphaFoldDB archives were converted to
3Di sequences [42] using the Foldseek command line program (ver. 10.941cd33).
To this end, a custom Foldseek database was created from all extracted PDB
files, and subsequently converted to a Fasta file containing the 3Di representa-
tions.
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Human proteins with a sequence length of more than 2700 amino acids were
split into multiple, overlapping PDB files by AlphaFoldDB, where each subse-
quence (usually except for the last one) was 1400 amino acids long and had
an overlap of 1200 positions with the next substructure. We created the 3Di
sequences for each of these structure fragments separately, and then merged the
3Di sequences back into a single sequence by starting with the first sequence
and subsequently adding the suffix after position 1200 from each of the following
splits (see Section 5.4.1.1 for statistics).

5.3.6 Machine Learning Features Derived from Amino Ac-
id Sequence

Amino acid sequences were encoded using three different feature generation
algorithms that turn variable-length amino acid sequences into fixed-length nu-
merical vectors.

The amino acid composition (AAC) is the frequency of each amino acid type
in the standard genetic code, divided by the length of the sequence. The pair
amino acid composition (PAAC) is the frequency of each possible pair of two
amino acids, divided by the total number of pairs in the sequence (i.e., its
length minus one). We also created a tri-peptide composition from the relative
frequencies of all possible subsequences of length 3.

The PSSM feature was derived from a position-specific scoring matrix. For a
sequence of length n, this PSSM is a n× 20 integer matrix, containing the log-
odds scores of exchanging the amino acid type at any position i (1 ≤ i ≤ n)
with any of the 20 amino acid types throughout evolution.

For all sequence positions with a particular amino acid type, the log-odds vec-
tors at those positions are added together along the sequence axis, and divided
by the number of occurrences of that amino acid type in the sequence to calcu-
late the average vector. The resulting 20 × 20 matrix reflects the evolutionary
conservation profile of the protein.

Finally, the features were combined in different ways. As the PSSM matri-
ces for each protein all contained log-odds values, we concatenated their rows
into one Multi-PSSM feature that includes data from closely and distantly re-
lated proteins, due to different choices of BLAST databases and PSI-BLAST
parameters for each feature matrix. In a previous study [349], we created the
META-feature from AAC, PAAC, and multiple PSSMs by standardizing each
feature along the sample axis and then concatenating the standardized vectors.
This avoids information sharing as each sample is standardized independently
of the others, but can change the scales along the feature dimensions, mean-
ing that the META-feature should be seen as a fingerprint of the amino acid
sequence.

As most of these features had more dimensions than we had samples in our
dataset, we employed feature selection, dimensionality reduction and regular-
ization techniques, along with a sound evaluation procedure, to prevent and test
for overfitting.
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5.3.7 Machine Learning Features Derived from 3Di Se-
quence

The 3Di sequences can be used as input for many methods that were originally
invented for amino acid sequences, as similar structures lead to similar sequences
(where the similarity can be calculated with a provided substitution matrix).
Therefore, we applied AAC, PAAC, and KMER3 feature generation to these
structural sequences as well, resulting in the “3Di COMP”, “3Di KMER2”, and
“3Di KMER3” features, respectively.

Finally, the information from amino acid and structural sequences were com-
bined by concatenating AA and 3Di k-mer frequencies of the same lengths into
the “COMB KMER1”, “COMB KMER2”, and “COMB KMER3” features.

5.3.8 Embeddings of Protein Sequence and Structure

The proteins sequences were encoded with two different Text-To-Text Transfer
Transformer (T5) protein language models (pLMs) [435]. Converting a sequence
through the provided tokenizer and using it as input for the model resulted in
a 1024-dimensional embedding for each token, i.e., a numerical vector of length
1024 for each position in the input sequence. These per-residue embeddings
were then turned into per-protein representations with mean-pooling, where
the average embedding for each type of token (e.g., each amino acid type) was
calculated.

Pre-trained T5 models were retrieved through the Huggingface transformers
API [437], and subsequently used to generate protein embeddings locally. The
ProtT5 model [378] was used to encode amino acid sequences, resulting in a
1024-dimensional numerical feature vector for each protein in the dataset after
mean-pooling. Furthermore, we employed the encoder of the bilingual ProstT5
model [434], which aims to translate between AA and 3Di sequences directly,
to encode both AA and 3Di sequences. To this end, we used the corresponding
T5 encoder, along with the provided tokenizer, to encode either 3Di sequences
or AA sequences into mean-pooled per-protein embeddings.

5.3.9 Dummy Feature

We also added a “DUMMY” feature in each test, which consisted of 1024 po-
sitions that were deterministically drawn from a uniform random distribution
with numpy [438]. The purpose of this non-informative feature was to estimate
the amount of additional information that is provided by the real features cal-
culated from the proteins, and how much more stable the resulting models are.
A high score of the DUMMY feature can be a sign that the model is overfitting,
as this can cause the model to find non-existent patterns in the data.

5.3.10 Support Vector Machine (SVM) Models

All tasks related to training and optimizing the SVM model pipeline were car-
ried out with scikit-learn (version 1.6.1) [56]. The SVM models [340] used an
RBF kernel. The corresponding regularization parameter γ, where smaller val-
ues reduce the influence of individual samples on the decision boundary, was
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automatically scaled inversely to the number of features and the variance in the
training data, as

γ =
1

var(Xtrain) ·m
,

where m is the number of features and Xtrain is the training split of the feature
dataset.

The value of C, which determines the penalty for samples located inside the
decision boundary, was optimized between three values through hyperparameter
optimization (C ∈ {0.1, 1, 10}). C was multiplied with different class weights
for each class i, calculated as

weighti =
n

K ∗ ni
,

where n denotes the total number of samples, K is the number of classes, and
ni represents the number of samples annotated with class i.

Feature selection and pre-processing were carried out in three steps. To avoid
information sharing, all constants and scores were derived from the training set
and only applied to the test set. First, all features with a variance of exactly 0
in the training data were removed. This is especially important for the KMER3
features, as there are 203 = 8000 possible 3-mers for an alphabet size of 20,
many of which did not appear in any protein. For each of the remaining features,
ANOVA F-scores were calculated based on the labeled training data, and the
k features with the highest score (i.e., those that showed the highest variance
between classes relative to the variance within the classes) were selected. The
number k was optimized through hyperparameter optimization, and was limited
to k ≤ min(200,m′), where m′ is the number of feature dimensions left in the
dataset after initially applying the variance threshold. Finally, the selected
features were standardized by calculating z-scores along the feature axis, with
mean and standard deviation derived from the training split.

The hyperparameter optimization was carried out through a grid search, where
each combination of parameters was tested in a 5-fold stratified cross-validation
on the training split. To obtain an even performance between both classes, the
hyperparameters were optimized with the balanced accuracy score.

5.3.11 Deep Neural Network (DNN) Model

Deep neural networks (DNNs) for binary classification of substrates were created
with TensorFlow (version 2.18.0) [439] using the Keras [440] Sequential API. The
shape of the input layer was matched to the dimensions of each feature. This
was followed by three densely connected hidden layers using the ReLU activation
function and containing 512, 256, and 128 nodes, interspersed with dropout
layers that aim to prevent overfitting and improve generalization by randomly
cutting 50% of the connections during training. Finally, a single output node
with a sigmoid activation function provided the predicted probability score p ∈
[0, 1] that a given sample was a member of the positive class. During inference,
a sample is assigned to the positive class if p > 0.5, otherwise it was predicted
as negative.
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The model was optimized with the Adaptive Moment Estimation (Adam) [441]
optimizer, using binary cross-entropy as the loss function. To account for the
low sample count in our datasets, we trained the model using a batch size of
eight samples and limited the number of training epochs to 50.

5.3.12 Automatic Outlier Detection

After the feature generation was finished, the individual feature datasets were
first submitted to an outlier detection pipeline. After standardization, each
feature dataset was converted to a number of principal components that explain
at least 95% of variance in the data, using principal component analysis (PCA).
Next, an Isolation Forest [442] assigned an anomaly score to each sample and
used that, together with an automatically determined anomaly threshold, to
classify samples as outliers. If a sample was found to be an outlier in at least
50% of feature datasets, it was flagged as an outlier for further analysis and
can optionally be removed. As this detection was performed using the entire
dataset, we excluded this step when evaluating models with cross-validation.

5.3.13 Evaluation Methods

Evaluation of the SVM model was carried out in a nested, stratified 5-fold
cross-validation (5FCV) with five repetitions. For the outer cross-validation,
the dataset was split into five parts of similar size. Each of the five subsets
was used once for validation, while the remaining four were combined into a
training set. On this training set, internal 5FCV’s were carried out with every
combination of parameters, and the best set of parameters across all five splits
was selected. The model was then fitted to the entire training dataset with the
best parameters, and tested on the validation set. As the validation sets can be
relatively small, an additional true positive can have a considerable impact on
the score. To reduce the impact of this stepping on the results, we shuffled the
dataset five times in a deterministic fashion and repeated the outer 5FCV for
each of the shuffled datasets. The final evaluation score was then calculated from
all 5 × 5 = 25 test scores from the evaluation sets. Stratified splits ensured that
the ratio between the classes remained as close to the full dataset as possible.

As both classes had equal importance and some of the datasets showed a class
imbalance, the hyperparameter optimization was carried out with the balanced
accuracy score, i.e., the average recall score across all classes. To detect a
class imbalance between the two substrate classes, an F1 score was calculated
for each class individually. As the F1 score is the harmonic mean between
precision and recall, a high F1 score on both classes means that both precision
and recall for either substrate class are sufficient. Finally, we estimated overall
performance through the balanced accuracy score and macro-averaged F1 scores.
These metrics are calculated as the arithmetic mean between the performance
on the individual classes, meaning that lower scores have to be interpreted more
carefully.

The DNN model was evaluated on the same training and test sets that were
used for the outer loop during the SVM evaluation, but did not require the
inner loop as we did not adjust any hyperparameters based on training data.
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Regularization was instead carried out by randomly deactivating connections
during training.

5.4 Results

5.4.1 Classifying Substrates of Solute Carriers in Arabi-
dopsis thaliana

5.4.1.1 Dataset Analysis

As a first task for the new machine learning features, we trained a model to dis-
tinguish between amino acid transporters and sugar transporters in A. thaliana.
We used our dataset creation pipeline (see Sections 5.3.2 and 5.3.3) to generate
a dataset of 33 amino acid and 32 sugar transporters, excluding those where
protein data and GO annotations were not manually curated. After applying
sequence clustering at a 70% threshold, the numbers of sugar and amino acid
transporters were reduced to 28 and 26, respectively. The raw data for all
ML-features was available for every transporter.

According to InterPro [294], 13 of these sugar transporters were members of
the SWEET (Sugars Will Eventually be Exported) family (TCDB accession
2.A.123), 15 were part of the Major Facilitator Superfamily (MFS, TCDB
2.A.1), and one protein (SWEET4) was annotated with both. MFS and SWEET
proteins are structurally distinct, and contain a different number of transmem-
brane helices (TMHs). SWEET4 contains seven TMHs arranged into two bun-
dles of three TMHs with one connecting helix in the middle, as is typical for
members of the SWEET family, whereas the MFS superfamily is defined by
its characteristic twelve TMHs arranged into two bundles of six [29][399]. The
nucleotide sugar transporter URGT6 was the only protein in the dataset that
was annotated with neither family. When looking at the names of the MFS
proteins, we found that most transport hexoses and pentoses, most commonly
as uniporters, but two xylose-proton symporters exist as well. In addition to the
aforementioned substrates, there was one transporter each for sucrose, polyol,
and ascorbate, which are grouped under sugar transmembrane transport by the
Gene Ontology.

The amino acid transporters were not as thoroughly annotated with family
names. The amino acid transporter, transmembrane domain (InterPro acces-
sion IPR013057) was found in 13 out of 26 proteins. The remainder included
four members of the mitochondrial carrier domain superfamily, and four pro-
teins with the cationic amino acid transporter, C-terminal domain. The three
domain annotations were mutually exclusive. The remainder of the dataset was
annotated with domains or families that occurred only once. None of the amino
acid transporters in the dataset were annotated as MFS transporters.

When analyzing the dataset, we found that a glutamate-gated, monoatomic
ion channel (AtGLR3.3) ended up in our dataset. This was caused by a faulty
relation in GO, which listed glutamate-gated ion channels (GO:0004970) as a
sub-type of amino acid transmembrane transporters (GO:0015171), contradict-
ing the respective definitions of the terms. This connection was added in 2023,
meaning that it did not influence our previous studies, as they used data from
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2022. We kept the protein in the dataset to test the performance of training
datasets created with our pipeline, and tested the impact of removing it when
evaluating the automatic outlier detection method.

5.4.1.2 Feature Comparison

We calculated the features for all proteins in the dataset, and subsequently
trained and evaluated SVM models in a nested 5-fold cross-validation approach.
Due to the low sample count in the test set, we decided to shuffle the dataset five
times, and repeated the evaluation procedure for each shuffle. The distribution
of the scores was then calculated from all 5*5 scores on the respective test sets.

The hyperparameters of the pipeline, including the regularization parameter
C of the SVM and the number k of features to select according to ANOVA
F-scores, were optimized by calculating balanced accuracy on the training set.
The maximum number of features that could be selected for each model was
set to 200, in order to improve the generalization, and C was selected as one of
three values (C ∈ {0.1, 1.10}). For the test set of each split, the F1 scores of the
individual classes were calculated, in order to test for classification performance
and class imbalance. The balanced accuracy and macro-averaged F1 score were
also calculated as general performance measures across both classes.

The means and standard deviations for the features are shown in Table D.1,
while Figure 5.1 visualizes their distribution. Since our dataset only contained
54 samples in total, a single false positive or false negative could have a large
effect on the resulting score distribution. As there are only 10 or 11 samples in
each test set, the accuracy score would increase in steps of 9–10%. We repeated
the CV five times to obtain more accurate median scores, whereas the variance
might not be representative of the actual performance.

The performance of the dummy feature was as expected for numbers drawn from
a uniform random distribution, which confirms that the results are not caused by
overfitting or similar issues, and that the remaining features provide additional
information compared to randomly drawn values. The slightly higher F1 score
for sugar transporters can be traced back to the higher class homogeneity, as all
sugar transporters belong to two families, while the proteins in the amino acid
class belong to a larger number of families, and therefore potentially have more
than two evolutionary ancestors. Both classes had medium F1 scores of 0.5 or
lower, and the balanced accuracy was 0.463.

Next, we tested the previously best-performing features for membrane trans-
porter substrate prediction [349, 376]. The simple amino acid composition
(AAC) with only 20 positions did not capture enough information, leading to
a median score of around 0.71, with a large variance. In contrast, PAAC per-
formed surprisingly well on this particular dataset, possibly due to the fact that
most proteins in our dataset contain one of a small number of sequence domains
that are associated with their respective substrate specificity. The amino acid
3-mer frequency (AA-KMER3) did not perform better than the 2-mer encoding
(i.e., PAAC).

The Multi-PSSM feature led to models that performed reasonably well, with
the majority of CV splits producing F1 scores between 0.7 and 0.9. Similarly
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Figure 5.1: Evaluation results for an SVM model that distinguished sugar from amino acid
transporters in A. thaliana. This plot visualizes the distribution of F1 scores for each class
after five shuffled repetitions of a nested 5-fold cross-validation. Each box represents the 25th
to 75th percentile, the line in the box is the median, and dots are test cases that were classified
as outliers. A score below the median is determined to be an outlier if the distance between
the 25th percentile and the score is greater than the distance between the 25th and 75th
percentiles multiplied by 1.5. For scores above the median, the distance to the 75th percentile
is used instead. Table D.3 provides a short overview of the features, in terms of the data that
was used to calculate them. Due to the number of available samples for evaluation, the size of
each test set was relatively small (10–11 samples), meaning that the median score calculated
from the 25 splits is more representative of real-world performance than the variance. Both the
embeddings and the features derived directly from the 3Di sequence outperformed previous
approaches, which were based on evolutionary information and amino acid k-mer frequencies.

to the AAC, the variance on the sugar class was much larger than on the amino
acid transporters. This effect was reduced to two outliers when combining the
Multi-PSSM feature with AAC and PAAC into the META feature. The protein
fingerprint feature META-STD, which is standardized along the sample axis, no
longer produced outliers with F1 scores below 0.6, and had an improved median
score (see Figure 5.1).

The variance in performance between CV splits was much lower for the amino
acid embeddings created with ProtT5, whereby only one split led to an F1
score of 0.75 on the amino acid transporter class. A total of 20 out of 25 scores
are located within a window of size 0.05 around the median score of 0.91. In
addition to generating amino acid sequence embeddings with the ProtT5 model,
we also created embeddings with the bi-lingual ProstT5 model. This encoder–
decoder transformer model aims to translate directly between amino acid and
3Di sequences, although we only used it to encode either protein sequences
from Uniprot or 3Di sequences generated from predicted protein structures,
as protein sequence embeddings or protein structure embeddings, respectively.
The score distributions between the two models only differed slightly, although
there is one split where the amino acid embeddings did not classify the amino
acid transporter correctly, while the 3Di embeddings did (see Figure 5.1).
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Since we already calculated 3Di sequences for all protein sequences in our dataset
with data from AlphaFoldDB, we also explored the idea of turning them into k-
mer frequency features, similar to AAC and PAAC. These 3Di features worked
surprisingly well, even beating the embeddings, both in their mean scores and
in their consistency across the cross-validation folds. The 3Di 2-mer frequency
“3Di-KMER2” worked especially well, capturing enough information about the
proteins to reach a mean balanced accuracy of 0.967, with a standard deviation
of only 0.046 across all 25 independent test sets, while also showing minimal
class imbalance between the sugar and amino acid carriers. Simply comparing
the frequencies of the 20 3Di states between the two protein classes was enough
for a balanced accuracy of 0.93 ± 0.1, which is impressive when considering
that the resulting feature vector only consists of 20 positions. However, the
distributions of F1 scores in Figure 5.1 suggest that the 2-mer frequencies lead
to the most stable model, as there were some edge cases where the performance
of 3Di-COMP dropped sharply, and where the 3Di-KMER3 produced outliers in
the score distribution. All features were evaluated on the same splits, meaning
that the 2-mer frequency managed to classify these cases correctly.

As 3Di k-mer frequencies seemed to work so well for encoding substrate binding
affinities of membrane proteins, we tried combining them with the amino acid
compositions to see if that additional information improved them further. The
performance of these combined features (see COMB features in Table D.1) was
comparable to the embeddings, while producing a higher score variance and
lower mean values than the best-performing 3Di-KMER2 feature.

5.4.1.3 Automatic Outlier Removal

As mentioned before, our automated dataset creation methods sometimes iden-
tified a few outliers in the dataset. This can be caused by faulty connections
in the GO graph as we found above, or by biological differences between one
protein and the rest of the dataset. For example, the proteome of E. coli,
a gram-negative bacterium that is surrounded by an inner and an outer cell
membrane, includes outer-membrane pores (OMPs) that enable a wide range of
nutrients and signaling molecules to enter the periplasmic space, including sug-
ars and amino acids. Having these β-barrel pores in the same training dataset
as α-helical solute carriers of those molecules can have a very detrimental effect
on model training and classification performance.

To automatically handle cases like this, we implemented an automatic outlier
detection method using PCA and Isolation Forests (see Section 5.3.12). This
method found the aforementioned glutamate-gated ion channel AtGLR3.3 as
an outlier, along with the chloroplast outer-envelope pore protein OEP161, and
a lysosome membrane cystine transporter called “Cystinosin homolog”. When
enabling the automatic outlier removal during the dataset creation process and
repeating the evaluation procedure for our SVM model with all features (see
Table D.2), we found that the 3Di-KMER2 feature still delivered the best-
performing model, with similar mean and standard deviations to the evaluation
scores, while the average balanced accuracy for the embeddings improved by
0.11 for the ProstT5-AA feature, and by 0.04 and 0.035 for ProstT5-3Di and
ProstT5-AA, respectively. This means that the embeddings generated with the
ProstT5 model performed better than the ProtT5 embeddings on the cleaner
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dataset, while also delivering more consistent results across the 25 test sets
(see Figure D.1). Another interesting observation is that the COMB-KMER1
feature, which combines the frequencies of 20 amino acid types and 20 3Di states
into a feature vector of 40 positions, now led to better results than the 3Di-
COMP feature alone, with a higher mean score and lower standard deviation,
and produced a much better model than the amino acid composition by itself
(see Table D.2).

Finally, it should be noted that the outlier removal pipeline was applied to the
full dataset before the evaluation, meaning that the evaluation results from this
particular test might not reflect the performance on previously unseen data.
The purpose of this test was to obtain an estimate of how the model would
perform on a perfectly clean dataset, and assess the impact of potential errors
introduced by the automated dataset creation pipeline.

5.4.1.4 Deep Neural Network Models for Membrane Transporter
Substrate Prediction

In a previous study [349], we showed that a single-layer perceptron can improve
membrane transporter substrate prediction, compared to SVMs. This time, we
also wanted to explore how a deep neural network, created with TensorFlow
and the Keras API, would compare.

Our DNN model had three hidden layers, with 512, 256, and 128 nodes, respec-
tively. The size of the input layer was adapted for each feature vector (e.g., 1024
for the embeddings, or 400 for 3Di-KMER2). To improve generalization and re-
duce overfitting, the hidden layers were interspersed with dropout layers that
randomly (but deterministically) cut half of the connections during training.

The model was evaluated in a 5-fold stratified cross-validation approach, with
five repetitions, where the data was randomly shuffled each time. The same
datasets, random seeds, and cross-validation splits were used as for the SVM
model, meaning that both models were evaluated on exactly the same training
and test splits, without employing outlier removal.

The distributions of F1 scores in Figure 5.2 show a higher consistency across
the individual feature datasets, with fewer outliers than the SVM results in
Figure 5.1. This is especially the case for the embeddings and for the 3Di
features. The META and PSSM scores delivered improved results, and the
embeddings and 3Di compositions achieved high median scores. The best and
most consistent results were obtained with the amino acid embeddings from the
bi-lingual ProstT5 model, and with the 3Di 2-mer frequencies, which was also
the best-performing feature for the SVM model. For both of these features,
the lowest F1 score on any class across all 25 independent test sets was 0.89.
Interestingly, the results were more consistent than those of the SVM model after
outlier removal (as shown in Figure D.1), reflecting the common observation that
DNNs with multiple layers tend to be less sensitive to outliers than binary SVM
models.

When comparing the means and standard deviations of the balanced accuracy
scores between the DNN model (Table 5.1) and the SVM model (Table D.1),
the same patterns emerge. The 3Di composition gave the highest and most
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Figure 5.2: Distribution of 25 test set evaluation scores from five shuffled repetitions of a
5-fold cross-validation when distinguishing sugar transporters from amino acid transporters
in A. thaliana with a deep neural network (DNN) trained on features that encode the amino
acid sequence or protein structure. A short overview of the types of features used is listed
in Table D.3. The box represents the area between the 25th and 75th percentiles of the
score distribution, and has a line in the middle that shows the median. The whiskers extend
to 1.5 times the length of the box at most. Any sample below or above the whiskers is
classified as an outlier, and shown as a dot. As in Figure 5.1, the DL-based features in the
form of embeddings and 3Di k-mers performed better than the previously developed META-
STD feature. Interestingly, the amino acid 2-mer and 3-mers also led to good models when
combined with a DNN. Overall, the DNN model produced more consistent results with higher
median scores, as well as higher minimum scores for its two best-performing features. Again,
the 3Di 2-mers matched the performance of DNNs trained with language embeddings.

consistent scores, closely followed by the ProstT5 embeddings, and closely be-
hind these were the embeddings from ProtT5. Combining amino acid k-mer
frequencies with 3Di k-mer compositions (COMB features) did not improve the
results any further.

5.4.2 Categorization of Human Ion Channels

One type of transport protein that previous models struggled to classify was
(monoatomic) ion channels. In contrast to the binding pockets that are com-
monly found in carrier proteins and many primary active transport complexes,
these channels employ selectivity filters, i.e., narrow paths with multiple binding
sites for ions and often for water molecules. Typically, these ion interaction sites
are mainly made up of backbone carbonyl groups, although they are sometimes
interspersed by charged residues, e.g., to orient substrate molecules in the chan-
nel. The selectivity of these channels is mainly determined by their width, and
possibly by their flexibility [33]. This stands in contrast to the binding pockets
of carrier proteins, where the residues need to match the chemical properties
of atoms in the transported molecule in order to form non-covalent interactions
[28]. On the other hand, several families of ion channels possess selectivity filters
with conserved sequence domains. Since both ion channels and carrier proteins
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Feature Balanced Accuracy F1 Amino Acid F1 Sugar

DUMMY 0.475±0.120 0.400±0.216 0.477±0.207

AAC 0.754±0.155 0.742±0.156 0.754±0.171

PAAC 0.925±0.061 0.926±0.059 0.915±0.073

AA-KMER3 0.915±0.080 0.919±0.075 0.899±0.103

MULTI-PSSM 0.815±0.122 0.807±0.121 0.813±0.141

META 0.859±0.099 0.855±0.093 0.851±0.123

META-STD 0.889±0.091 0.883±0.097 0.890±0.096

COMB-KMER1 0.917±0.084 0.909±0.100 0.915±0.085

COMB-KMER2 0.945±0.057 0.945±0.058 0.942±0.064

COMB-KMER3 0.945±0.052 0.947±0.051 0.940±0.058

PROTT5-AA 0.918±0.063 0.910±0.071 0.923±0.058

PROSTT5-AA 0.944±0.047 0.941±0.050 0.946±0.046

PROSTT5-3DI 0.937±0.051 0.933±0.053 0.938±0.053

3Di-COMP 0.959±0.056 0.953±0.065 0.963±0.049

3Di-KMER2 0.959±0.047 0.958±0.049 0.959±0.048

3Di-KMER3 0.959±0.067 0.955±0.074 0.963±0.061

Table 5.1: Mean and standard deviation of 25 evaluation scores from five shuffled repetitions
of a 5-fold cross-validation when distinguishing sugar transporters from amino acid trans-
porters in A. thaliana with a deep neural network (DNN) and different features derived from
the amino acid sequence or protein structure. The best results are underlined.

can contain conserved sequence motifs and conserved structural domains that
are directly associated with their substrate specificity [33, 28], we explored how
well the sequence- and structure-based feature encodings described in this study
can capture these differences in ion channels, and how they compare in terms
of classification performance.

5.4.2.1 Dataset Analysis

To estimate how well the new features and models are able to encode the sub-
strate specificity of monoatomic ion channels, we created datasets of all human
channel proteins transporting either calcium, chloride, or potassium. GO an-
notations inferred by electronic annotation were not included in the dataset.
Proteins were filtered for those in the manually reviewed Swiss-Prot subset of
UniprotKB, which also had evidence for the existence of the protein sequence,
and known gene names. Sequence fragments were excluded. After dataset cre-
ation, where we only kept experimentally verified data, we were left with 105
calcium channels, 100 potassium channels, and 72 chloride channels, respec-
tively.
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According to GO terms annotated with experimental evidence, the channels
possess a wide range of gating mechanisms. Out of 105 calcium channels, 36
are known to be voltage-gated, 26 are ligand-gated, 10 are store-operated [443],
and 1 is stretch-activated. Only 11 out of 72 chloride channels are voltage-
gated, whereas the 40 ligand-gated channels are activated by a wide range of
molecules, including calcium (19 channels), GABA (14 channels), glycine (5
channels), and ATP and glutamate, which both activate 1 channel each. Four
volume-sensitive and two pH-sensitive Ca2+ channels were in the dataset as
well. The vast majority of potassium channels are voltage-gated, 78 out of
100 in total. Ligand-gated potassium channels are activated by calcium (11
channels), sodium (2 channels), as well as chloride and ATP, which activate 1
channel each. Further, three channels are mechano-sensitive. This means that
potassium channels were the most extensively studied and annotated channel
type in our dataset, by a large margin.

The overlaps between the classes were small, with five proteins that carry both
Ca2+ and K+, and one channel that transports Ca2+ and Cl− simultaneously.
We decided to exclude these proteins from the respective binary classification
tasks, as their numbers would be too small to provide enough information to a
multi-output model, or to add them as a third class. One channel in each of the
three substrate classes did not have a 3D structure available in AlphaFoldDB,
and was therefore excluded from the dataset as well.

Finally, we applied a sequence identity threshold of 70% to each substrate class.
This left us with three binary classifications tasks: 100 calcium channels and
58 chloride channels, 100 calcium channels and 84 potassium channels, and 88
potassium channels against 59 chloride channels.

In summary, all three substrate classes contained channels from a wide range of
families and mechanisms, and from different evolutionary origins. This means
that the evaluation of ML models on these datasets reflects their ability to
distinguish between the actual substrates that are selected by the central cavity.

5.4.2.2 Results for SVM and DNN Models

The SVM and DNN models were evaluated on the same datasets, with the
same 25 cross-validation splits. This was achieved by repeating a 5-fold cross-
validation five times, shuffling the dataset after each CV, and starting with
the same random seed. The feature datasets were exported from the SVM
evaluation after all filtering was finished, and subsequently imported directly
into the DNN evaluation methods.

First, we compared the previously best-performing model, namely, an SVM
model with ANOVA F-score feature selection and META-STD protein finger-
print feature, to a DNN trained on the same feature, as well as an SVM and a
DNN trained on amino acid embeddings (see Figure 5.3a). While switching the
model to a deep neural network increased the median score for Ca2+/Cl−, as
well as the maximum and minimum score for the other two tests, a larger effect
came from the new feature, which improved minimum scores in all cases and
median scores in most. After replacing the META-STD feature with ProtT5
embeddings, the mean and standard deviation of the SVM model were improved
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Figure 5.3: Distribution of macro-averaged F1 scores across five shuffled repetitions of a
5-fold cross-validation. Either a support vector machine (SVM) with feature selection or a
deep neural network (DNN) were trained to distinguish between human ion channels in binary
classification tasks. All tests were carried out on the same splits of the same datasets. The
scores were calculated on the test set of each CV split. The boxes show the area between the
25th and 75th percentiles, and the whiskers extend in length to 1.5 times the range between
these percentiles at most. Any score that is further away is visualized as a dot, denoting an
outlier. The features are categorized according to feature generation methods and underlying
data in Table D.3. In (a), we compared our previously developed META-STD feature to amino
acid sequence embeddings calculated with ProtT5, and also tested the impact of replacing the
SVM model with a DNN. The differences between two different amino acid embeddings and
a 3D structure embedding are shown in (b). While the DNN model improved the median
and minimum scores for several features, the choice of feature generation algorithm had a
larger impact on model performance. In (c,d) we compare all features derived from k-mer
frequencies in the protein sequence and/or the 3Di structure sequence with an SVM and DNN
model, respectively. Each classification task seems to have a different combination of features
and model that leads to the best performance, suggesting that an ensemble method would
likely be necessary in order to compete with the performance of protein language embeddings.

by 0.07, while the standard deviation was lowered by 0.01 when distinguishing
between calcium channels and chloride channels (see Table 5.2).

Next, we explored how the additional amino acid and 3D-structure embeddings
we encoded with the ProstT5 model performed in comparison to the ProtT5
embeddings, both with the SVM pipeline and with the deep learning model
(see Figure 5.3b). Overall, the performance of these features on ion channels
was quite similar. In the Ca2+/Cl− classification, the 3Di features led to lower
median scores, whereas DNN led to slight improvements compared to the SVM.
For Ca2+/K+, the 3Di embedding feature managed to improve the scores of
the SVM model, delivering very similar results to the DNN model with amino
acid embeddings. The best minimum score and lowest standard deviation were
observed for the 3Di/DNN model for distinguishing between chloride channels
and potassium channels, whereas the best median score came from the DNN
with ProtT5 embeddings. According to the mean and standard deviations in
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Model DNN SVM

Substrates Ca/Cl Ca/K Cl/K Ca/Cl Ca/K Cl/K

Feature

DUMMY 0.522±.088 0.477±.062 0.498±.088 0.459±.084 0.505±.080 0.471±.078

AAC 0.684±.087 0.725±.053 0.712±.088 0.645±.084 0.703±.086 0.705±.081

PAAC 0.775±.094 0.805±.075 0.828±.063 0.767±.067 0.795±.059 0.787±.083

AA-KMER3 0.663±.122 0.752±.080 0.798±.078 0.700±.097 0.743±.076 0.741±.077

3Di-COMP 0.844±.060 0.831±.044 0.876±.050 0.839±.068 0.832±.055 0.885±.043

3Di-KMER2 0.854±.082 0.877±.049 0.845±.058 0.860±.068 0.832±.075 0.854±.065

3Di-KMER3 0.795±.078 0.855±.076 0.894±.060 0.825±.066 0.777±.076 0.845±.061

COMB-KMER1 0.798±.077 0.848±.049 0.837±.071 0.817±.063 0.857±.063 0.864±.061

COMB-KMER2 0.889±.063 0.861±.054 0.882±.059 0.880±.056 0.837±.066 0.880±.060

COMB-KMER3 0.755±.095 0.801±.080 0.861±.076 0.798±.082 0.773±.079 0.847±.058

PSSM-50-1 0.769±.084 0.834±.067 0.791±.071 0.755±.061 0.808±.063 0.783±.071

PSSM-50-3 0.796±.052 0.863±.061 0.811±.075 0.803±.072 0.839±.056 0.806±.069

PSSM-90-1 0.769±.105 0.776±.050 0.778±.083 0.739±.070 0.742±.045 0.759±.067

PSSM-90-3 0.784±.084 0.773±.062 0.781±.087 0.739±.070 0.742±.045 0.759±.067

MULTI-PSSM 0.780±.077 0.833±.072 0.785±.082 0.783±.057 0.797±.052 0.770±.077

META 0.782±.072 0.803±.084 0.812±.065 0.826±.062 0.812±.061 0.784±.082

META-STD 0.851±.069 0.891±.038 0.850±.080 0.807±.055 0.884±.061 0.839±.072

PROTT5-AA 0.921±.059 0.915±.056 0.918±.043 0.922±.058 0.899±.054 0.889±.056

PROSTT5-AA 0.909±.065 0.903±.065 0.898±.061 0.911±.062 0.893±.054 0.898±.045

PROSTT5-3DI 0.894±.057 0.908±.053 0.908±.038 0.878±.068 0.911±.050 0.890±.061

Table 5.2: Means and standard deviations of macro-averaged F1 scores across five shuffled
repetitions of a 5-fold cross-validation, which led to 25 test set scores in total for each test.
Both the deep neural network (DNN) and the support vector machine (SVM) model were
tested across three classification tasks, where the goal was to distinguish between two classes
of human ion channels. All three substrates are shortened to their chemical symbols (Ca =
calcium, Cl = chloride, K = potassium). The dummy feature consisted of 1024 random num-
bers drawn from a uniform random distribution for each protein, and showed the performance
of a feature with no useful information. The best mean and standard deviation for each test
are underlined.

Table 5.2, the embedding models led to the best performance in most cases,
with the META-STD and 3Di frequency features often close behind.

Furthermore, we explored how the k-mer frequency features, which can be di-
rectly calculated from amino acid or 3Di sequences, compared to each other.
For this comparison, we trained an SVM model, as shown in Figure 5.3c, and
a DNN model, shown in Figure 5.3d, again on the same 25 train/test splits
that were used for all four plots in Figure 5.3. The noteworthy point is that
the amino acid k-mer frequencies delivered the lowest performance across all
models and classification tasks, with only the PAAC feature, which contains
2-mer frequencies, delivering adequate results. This was expected, as it was
the reason why we combined the AAC and PAAC with Multi-PSSM into the
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META-STD feature, which led to better-performing models than its separate
parts (as can also be observed in Table 5.2). Table 5.2 also shows that PSSMs
calculated from more distantly related proteins, e.g., those found by three iter-
ations of PSIBLAST on Uniref50, consistently led to better-performing features
than PSSMs derived from closer homologues, such as those found with one it-
eration on Uniref90, suggesting a possible connection to model performance.
The 3Di sequence features gave better predictive models in all three cases when
paired with either of the two ML algorithms, similarly to what we observed
when categorizing A. thaliana carrier proteins in Section 5.4.1.2. Combining
the information from both sequence types led to better results in most tests, es-
pecially when combining PAAC with 3Di 2-mers (COMB-KMER2), which was
among the best features across all tests and for both the SVM and DNN model.

Again, we found that the difference lies mainly in the choice of features and
less so in the model itself, at least when comparing the SVM and DNN models
from this study. The other consistent observation was that each combination
of substrate classes prefers a particular type of feature over another. Therefore,
a purely sequence-based method that is competitive with protein embeddings
will likely have to be an ensemble approach that creates different models from
both amino acid and structural sequences, and then selects the best one based
on training data performance.

5.5 Discussion

In this study, we compared our previously developed methods for membrane
transporter substrate prediction [349][376], where we trained support vector
machines (SVMs) on ML-features derived from amino acid sequence and evolu-
tionary information, against new feature extraction and classification techniques
empowered by advancements in deep learning and natural language processing.

We used the encoder from the pre-trained ProtT5 transformer model to turn
amino acid sequences into fixed-size word embeddings, which were then averaged
across the protein sequence to create a numerical representation. Furthermore,
we retrieved 3D structural models for the considered protein sequences that
were predicted by the AlphaFold transformer model, and then used Foldseek to
turn the three-dimensional atomic configurations into 3Di sequences, which rep-
resent protein structures with an alphabet of 20 characters. These 3D-structure
sequences were then turned into embeddings with the bi-lingual ProstT5 model
that has been trained on both types of sequences, and which we also used to
generate a second dataset of amino acid embeddings. We also directly cal-
culated ML-features from the 3Di sequences by turning them into vectors of
k-mer frequencies, and also combined those with k-mer frequencies of amino
acids. Finally, we trained our own DNN with TensorFlow, and compared the
performance to our previously developed SVM model. To estimate the amount
of information that is provided by the features, we also included a feature that
was drawn from a uniform random distribution.

We tested our models by predicting the substrates of carrier proteins in A.
thaliana, and of ion channels in human, in a cross-validation approach. When
analyzing the dataset of sugar and amino acid transporters in A. thaliana, we
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found that each substrate class contained proteins from multiple protein (super-
)families with no or little evolutionary relation to each other. This indicates
that our models were in fact predicting the substrate, and not, for example, the
superfamily fold.

When training and evaluating an SVM on the data, the feature made up of
3Di k-mer frequencies surprisingly outperformed the protein embeddings, both
in the mean score and the standard deviation across the 25 test sets. The
3Di 2-mer frequencies delivered particularly good results, with a mean balanced
accuracy of 0.971 ± 0.044, which was 0.061 higher than the ProtT5 amino acid
embeddings (see Table D.1), as well as the highest minimum score (Figure 5.1).
Combining frequencies of amino acid k-mers with the 3Di features produced
similar results as the three embeddings, of around 0.90.

Our automatic outlier detection method classified three amino acid transporters
as divergent from the rest of the data, which made sense upon further inspection.
Removing these three proteins allowed us to test the performance on a “clean”
dataset. This improved the average evaluation scores of the ProstT5 models
compared to the ProtT5 embeddings (Table D.2), bringing the performance of
the 3Di embeddings close to that of the 3Di 2-mer frequencies (Figure D.1).

Finally, we tested the TensorFlow DNN model on the automatically generated
dataset (i.e., without removing any outliers), and found improvements to most
features in terms of their average performance, as well as their consistency across
the different training and test sets. Again, the 3Di 2-mer model led to the best
performance, with a balanced accuracy of 0.959 ± 0.047, closely followed by
the ProstT5 embeddings, and the combined 3Di and amino acid frequencies,
with better mean and standard deviation compared to the ProtT5 embeddings
(Table 5.1). Both the ProstT5-AA and 3Di 2-mer models delivered very stable
models, with the lowest observed test scores around 0.89 (Figure 5.2).

For the task of distinguishing three types of human ion channels in three binary
classifications, the same three features delivered the best results, but their eval-
uation scores were arranged in the opposite order. This time the embeddings led
to mean macro-F1 scores between 0.90 and 0.92, followed by combined PAAC
and 3Di 2-mers features of around 0.84–0.89, and finally the 3Di 2-mer feature
on its own, falling between 0.83 and 0.88 (Table 5.2). Replacing the SVM with
a DNN led to relatively small differences in the mean and standard deviation of
the scores across the 25 tests, while the bigger difference came from the choice
of the features themselves (Figure 5.3). As for the A. thaliana dataset, we ana-
lyzed the protein families and co-occurring GO terms in the dataset, and found
multiple different gating mechanisms and protein families in each of the three
substrate classes.

An interesting aspect when considering the performance of the 3Di frequencies is
the time it takes to calculate each feature. Deriving a single PSSM profile from
Uniref50 or Uniref90 with PSI-BLAST can take several minutes, even on a fast
compute server, and the Multi-PSSM feature (and therefore also the META-
feature) requires four PSSMs for each protein. Calculating protein embeddings
locally requires a similar amount of time when using the CPU, but the process
can be accelerated to less than a minute per protein with a CUDA-compatible
graphics card and a sufficient amount of available video memory. On the other
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hand, the 3Di sequences for an entire proteome can be calculated with Foldseek
in less than one second, and the only requirement is a database of protein
structure files, which can be created or downloaded through the same tool. The
3Di k-mer feature could therefore be a faster alternative to embeddings or to
features that encode evolutionary conservation, e.g., for large-scale analyses.

In conclusion, we found that deep learning delivers the necessary tools to both
encode and accurately predict the substrate specificity of membrane trans-
porters, improving on existing approaches such as SVMs trained on amino
acid frequencies and evolutionary conservation profiles. However, the exact
ML model and feature required depend on the substrates in question. This is
due to the fact that transporters of one substrate can include many different
protein families, domains, and 3D folds, with different or common evolution-
ary origins. Finding a model that captures the exact information needed to
determine the substrate specificity while also tuning out confounding variables,
such as a common evolutionary origin between some proteins, likely requires an
ensemble approach that selects a model and a type of feature based on training
data. Furthermore, combining data from several organisms, either directly or
through transfer learning, could allow for the method to be applied to datasets
with an insufficient number of training samples.
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Chapter 6

Conclusion and Outlook

6.1 Summary

6.1.1 Introduction and Background

The goal of this thesis was to develop predictive methods that can assign mem-
brane transporter proteins to one or more substrate classes, such as hexose,
amino acid or potassium.

As we found in Section 2.1 and summarized in Section 2.1.3.7, proteins from one
substrate class can belong to multiple protein families or superfamilies, with dif-
ferent structural folds and/or protein sequence domains. A single (super-)family
can also encompass transport proteins of different substrates, and some trans-
porters carry multiple types of molecules simultaneously or in an alternating
fashion. Therefore, methods based on homology of sequence and structure can
deliver inconsistent results for this task. They would be suitable if the trans-
porters in each individual substrate class share a common fold or sequence motif
that is not found in any other class, but that is typically not the case. More
commonly, a super-family that shares a particular fold and transport mechanism
develops first, and then adapts to a different substrate molecule at a later stage
of evolution, through a small number of amino acid substitutions, or by evolving
to bind different sub-domains. On the other hand, many transporters contain
binding pockets that temporarily bind the substrate with a binding energy that
must fall within an optimal range. This means that the size of the pocket, as
well as the chemical composition of substrate-facing amino acid residues, are
often highly similar between two transport proteins of the same molecule. If we
therefore create a numerical vector for each protein that describes its functional
characteristics, three-dimensional shape and fold, sequence conservation, and
the chemical composition of amino acid residues, then we can employ methods
from mathematical statistics and machine learning to determine those vector
dimensions that let us encode these differences, in order to assign a protein into
one substrate class or another, independently of evolutionary relationships.

When exploring the diverse landscape of transmembrane transport proteins, we
also came across a small number of proteins that will likely be incompatible

149



150 CHAPTER 6. CONCLUSION AND OUTLOOK

with these methods. There are ABC transporters where the substrate selec-
tion is carried out by a substrate binding protein (SBP) that floats freely in
the periplasm, and the transporter itself only contains a mostly non-selective
“greasy slide” that opens up after docking of the SBP (Section 2.1.3.1). Some
types of multi-drug transporters contain cavities with multiple overlapping bind-
ing pockets that allow for the selective transport of many different substrates,
potentially making it harder for find common patterns (e.g., Figure 2.7 and Sec-
tion 2.1.3.2). Some outer-membrane pores (OMPs) only select their substrate
based on molecule size (Figure 2.14a), while others show unique mechanisms
for substrate selection, such as the ball-and-chain mechanism of TonB (Figure
2.14c). This, along with their uncommon β-barrel structure that is vastly dif-
ferent in shape and amino acid composition from the typical α-helical bundle
shared by most transmembrane proteins, makes them unsuitable candidates for
our transporter classification models. While we do incorporate transmembrane
transport domains of primary active transport complexes if they contain binding
pockets, as is the case for some ABC nutrient importers of E. coli (see Figure
2.6) and some ATPases (e.g. the P-type ATPase pump in Figure 2.10), the main
focus will be on carriers and ion channels.

When constructing the dataset, we wanted a diverse selection of transporters of
each substrate that includes different folds and sequence motifs, as that allows us
to find the similarities within each substrate class, along with the differences to
transporters of other types of molecules. There is, however, an upper limit to the
possible variety within each class. For example, it probably does not make sense
to put proton-driven amino acid antiporters similar in shape and function to the
sodium-driven LeuT shown in Figure 2.13, into the same “proton transporter”
substrate class the rotary ATPase proton pump shown in Figure 2.9. Their
differences will likely be too great, potentially introducing noise and making
it harder to find the exact similarities and differences that are related directly
to the function. This would compound the effects of the low sample counts
that we often get with biological datasets. A more sensible approach would
be, for example, to include carriers from different superfamilies in each class,
such as MFS and LeuT (see Figures 2.13 and 2.11,2.12), along with suitable
transmembrane transport domains from primary active transporters (e.g., MalF
from Figure 2.6), and then train a second model for the classification as ion
channels (such as the potassium channel shown in Figure 2.16), possibly using
features that more emphasis on structural differences.

In Section 2.2, we first listed the available data sources for various types of bi-
ological data, including protein sequences and 3D structures. We also explored
how protein annotation data is arranged into ontologies, and how we can de-
termine if annotations have been experimentally verified by a published study,
or only computationally predicted. We described the methodologies behind
available command line tools, e.g. for sequence clustering or sequence database
search. In Section 2.2.2, we then introduced a range of statistical methods that
allow us to find differences and similarities between groups of proteins, and es-
timate the distributions of their attributes. This included independent t-tests,
ANOVA, multiple-hypothesis correction, correlation analysis, tests for normal-
ity, as well as non-parametric, rank-based alternatives to these methods if the
data does not follow an approximate normal distribution.
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Then, we explained in detail how support vector machines (SVMs) are trained,
including the underlying mathematical optimization problems and theorems,
in Section 2.2.3. Furthermore, we introduced extensions to the original SVM
approach that overcome its limitations as a binary and linear classification al-
gorithm. On one hand, this included methods for applying SVMs to multi-class
and multi-label tasks. On the other hand, we also described the mathematical
background behind coordinate transformations and kernel functions that allow
for training on datasets that are not linearly separable, with special focus on
the radial basis function (RBF) kernel.

Finally, we described methods for reducing the number of feature vector di-
mensions to those that are useful to the classification task at hand, for avoid-
ing overfitting on the training- or test data during the optimization process.
This included principal component analysis (PCA), univariate feature selection
with ANOVA F-scores, as well as L1 regularization. For evaluation and hyper-
parameter optimization, we discussed various performance metrics, with their
respective advantages and disadvantages, and ideal applications. Finally, we
explained how these metrics can be calculated in a cross-validation approach,
to avoid overfitting and improve stability and generalization.

6.1.2 Outline

The project was comprised of three main parts. First, we needed to automati-
cally assemble training datasets from published literature, with parameters that
allow for a trade-off between quantity and quality of samples. These methods
aim to create datasets with a sufficiently high variety of proteins from different
families, ideally with no confounding variables, and assign the transporters into
known substrate classes for training. Then, we needed to find multi-dimensional
numerical protein encodings that are related to the functional differences be-
tween the substrate classes. These encodings were be derived from sequence, 3D
structure or evolutionary information. Finally, we developed machine learning
pipelines that can filter the provided information for those vector dimensions
that are useful for the classification task at hand, and can then accurately sep-
arate the groups of proteins from each other, while delivering stable and con-
sistent results on previously unseen data. The code was released as a Python
package that allows for easy access to these methods through an API, with
example usage in Jupyter notebooks.

6.1.3 Chapter 3: Developing datasets, features and mod-
els

We started with a model for telling apart sugar carriers from amino acid carri-
ers in A. thaliana, as a proof of concept. In this initial version of the dataset
pipeline, we derived protein annotations from the Uniprot Keywords [444] dat-
abase. As most keywords are relatively broad in their description, we created
more specific annotations by calculating intersection sets, e.g. of proteins an-
notated with the location keyword “Transmembrane”, and the functional key-
word “Sugar transport” (see Appendix B.2). While this did find many trans-
porters, it also included some false positives, requiring careful filtering. This was
due to the fact that functional keywords are related to the broader “biological
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process” annotations from the gene ontology (GO) [47], rather than the more
precise “molecular function” aspect of GO. This meant that, e.g., single-pass
membrane proteins that regulate transport by interacting with transmembrane
transporters were also in the initial dataset, and had to be filtered out with addi-
tional logic that handles these edge cases. In the following chapters, we therefore
changed the source for our functional annotations to GO, as that provides us
with more control and precision when constructing datasets. We also considered
using the transporter classification database (TCDB) [233] for training, but the
number of available transporters was lower compared to the Uniprot-Keywords
dataset, especially for A. thaliana (see Section 3.4.2.4).

Next, we studied published literature on numerical protein encodings for ma-
chine learning, in order to test and compare their respective performance when
training models for substrate prediction. This included features derived from
frequencies of amino acid types and dipeptides in the sequence (AAC and PAAC,
respectively), averaged position-specific scoring matrices (PSSMs), amino acid
properties retrieved from AAIndex [445], a feature based on genomic neigh-
borhood and co-expression networks [375], and we also tried more traditional
feature generation algorithms, such as one-hot encoding.

Along with these feature encodings, we evaluated the performance of a wide
range of parametric and non-parametric machine learning algorithms, includ-
ing support vector machines (SVMs) with different kernels, k-nearest-neighbors
(KNN), random forests, perceptrons, näıve Bayes, SVMs with stochastic gradi-
ent descent (SGD-SVM), as well as various ensemble methods. Each algorithm
was tested extensively, with pre-processing, full hyperparameter optimization
and nested cross validation (see Section 3.4.6).

The first attempts at developing a ML model for membrane transporter sub-
strate prediction centered around the co-expression-based feature introduced
by Tran et al. [375]. The idea was to encode the functional GO annotations
of co-located and co-expressed genes of transport proteins, and then associate
that GO profile with the substrate class. We extended this method by creating
and combining co-expression networks for multiple human tissues, as well as
for yeast and E. coli, from baseline gene expression data retrieved from GTEx
[446] and GEO [447]. However, we found that the performance was too incon-
sistent, as the method expects the neighbor genes of the transporter gene on the
genome or chromosome to be involved in some way in its transport function.
While this is often the case for bacterial operons, there are many exceptions in
more complex organisms, such as mammals or plants. Part of the reason could
be that operons coding for transport complexes often go through gene fusion
events, where the individual proteins merge into two half-transporters, or into
a single gene. Another reason for the inconsistent performance was that many
transporter genes in these organisms simply did not have any neighboring genes
that were also co-expressed, making them unsuitable candidates for the method.

The idea that led to the first models with good classification performance
was to calculate position-specific scoring matrices (PSSMs) on larger sequence
databases. Previous studies [40] only derived these evolutionary profiles from
the much smaller, manually curated SwissProt subset of Uniprot, which were
made up of around 250MB of sequence data at the time. We calculated PSSMs
locally on the Uniref50 and Uniref90 datasets, containing 21.6GB and 70.1GB of
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protein sequences, respectively. Furthermore, we tested the impact that differ-
ent PSIBLAST parameters (i.e. the tool we used to calculate PSSMs, see Section
2.2.1.8) on the classification performance. These PSSMs were then averaged into
fixed-size amino acid profiles that encode the conservation of individual amino
acid types.

We achieved the best classification performance with a machine learning pipeline
that first standardized the data, reduced the high number of feature dimensions
with either principal component analysis (PCA) or feature selection based on
ANOVA F-scores, and finally trained a SVM with an RBF kernel.

As we had calculated multiple PSSMs for each transport protein with differ-
ent parameters, we also trained ML models on multiple PSSMs simultaneously.
This “Multi-PSSM” feature encoded information derived from both closely- and
distantly related proteins, depending on the respective parameters for the PSI-
BLAST software [299]. Finally, we combined the Multi-PSSM feature with gen-
eral sequence information in the form of the AAC and PAAC, into the “META-
feature”, which led to the best results for distinguishing sugar- from amino acid
transporters in A. thaliana, when used as input for the ML pipeline.

With the META-feature, we had now found a series of data points related to
protein function that contained the necessary information for telling apart the
proteins from two substrate classes, independently of protein families. When
calculating the feature importance scores in Figure 3.6, we found that amino
acid types commonly observed in transmembrane helices were of little to no
importance to the model, while charged residues commonly found in functional
sites brought the most valuable information. The ML pipeline comprised of
standardization, feature selection and RBF-SVM was capable of filtering this
information for exactly those dimensions that produce accurate and generaliz-
able models for the classification task at hand. Hyperparameter tuning with
cross validation, along with testing on independent test sets, ensured that the
model did not overfit on the training- or evaluation data. Clustering of the
protein dataset at a sequence identity threshold of 70% aimed to counteract
possible information sharing between training- and test datasets, by removing
isoforms or close homologs of the proteins.

After we finished optimizing the proof-of-concept model on A. thaliana, we
applied it to different organisms, and explored the possibility of adding substrate
classes.

We started by creating evaluation datasets for three additional organisms: E.
coli, S. cerevisiae, and human. During dataset analysis, we found that the sub-
strate classes for the respecitve organisms also contained unique protein families
that were not present in the species. For example, the outer membrane of E. coli
included outer membrane pores (OMPs) with a β-barrel structure, which were
not compatible with the rest of the dataset due to the vastly different amino
acid composition compared to the transmembrane helices commonly found in
transport proteins. After removing these five OMP proteins, the classification
performance on the E. coli dataset improved considerably, with F1 scores above
0.9 during cross validation and on an independent test set (see Table 3.2).

The test scores for the the yeast dataset were much lower compared to the
cross validation during training. When looking at the sample counts in Table
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3.1, we noticed that evaluation scores were correlating with the total number of
available samples in each dataset. A low number of samples in the independent
test set can lead to problems with stepping, where each additional true positive
can change the accuracy score by a large margin. For example, the accuracy on
a test set with only five samples would increase in steps of 20%. A small sample
count in the training set can also cause the model to fit to patterns that are
irrelevant to the classification task, which is referred to as overfitting.

To address both of these concerns, we first tested the model in a nested leave-
one-out cross validation (LOOCV), and found that both the training and test
scores improved considerably, possibly due to the larger number of samples in
the training set, and the more stable calculation of average test scores (see Table
3.3). As a test, we randomly down-sampled the best-performing A. thaliana
dataset, and found that the class-wise performance matched that of the yeast
dataset after it was reduced to the same number of samples (Figures 3.4a,b).
From the observations we made during these tests, we concluded that training
datasets for membrane transporter substrate prediction need to contain at least
20 samples per class, after sequence identity clustering.

We tried to solve the problem of low sample count in several different ways.
At first, we tested the possibility of training models on organisms for which
we had achieved good results, and to then apply those models to datasets with
fewer proteins. As can be seen in Tables 3.4 and 3.5, this did not work for any
pair of organisms. When taking a closer look at the datasets, these results make
sense, as there are several families of transporters that are mostly specific to one
organism in particular, thereby influencing the decision function when trained
on that organism. For example, the large SWEET family of 13 sugar exporters
in A. thaliana only had a very small number of homolgoues in the other three
organisms (only one in human), the inner membrane of E. coli contain ABC
importers for sugars and amino acids that are not present in eukaryotes, and
human transporters include the SGLT family of sugar carriers, which belongs
to the a super-family that is mostly made up of amino acid transporters (see
APC super-family in Section 2.1.3.2).

The previous observations led us to the idea of combining transporters from all
four model organisms into one meta-dataset, as that would contain the protein
families from all four species. We tested all three ML features, both individ-
ually and combined as a meta-feature, with a pipeline consisting of PCA for
dimensionality reduction, followed an RBF-SVM. Interestingly, the multi-PSSM
feature performed better in this case than the meta-feature, which also includes
sequence information in the form of the AAC and PAAC. Limiting the model
to the three eukaryotic organisms improved the training and test scores by an
additional 0.03 and 0.025, respectively (see Table 3.6). We then took a closer
look at the performance of the best model, and calculated precision and recall
for either of the two classes. On both the training data and the independent
test sets, the model achieved an F1 score of more than 0.93 for either class,
across proteins from human, yeast and A. thaliana. This means that training
on datasets that contain transporters from multiple organisms can solve the
problems caused by low sample count in single-organism datasets (see Table
3.7).
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The next step was to include more substrate classes. At first, we developed and
tested a hierarchical assembly of SVM classifiers that was organized similarly
to the transporter classification system by Saier [448] (see Section 2.2.1.7). The
first classifier would predict the mechanism, such as channel or carrier or pore,
then the second classifier would predict the super-family and/or fold, e.g. MFS
or APC, and finally the last layer of classifiers would predict the substrate. This
was supposed to make sure that large structural differences between groups of
proteins were not an issue, by only predicting substrates within the same super-
family, where the member proteins often have a similar topology. However,
while each individual model achieved good accuracy, the respective scores after
each step had to be multiplied to evaluate the entire model, in its accuracy for
substrate prediction. For example, if each step had an accuracy of 90%, and the
final substrate was determined after three steps, the model would have an overall
accuracy of 0.93 = 0.729. Furthermore, recent advances in protein structure pre-
diction [21], along with membrane orientation prediction through MemProtMD
[277] or PDBTM/TMDET [278], allow us to determine the mechanism and fold
more directly (see Figures 2.12a,b and 2.13a,b).

The second attempt at a multi-class model involved a one-vs-one voting scheme,
where pairwise SVM models were trained for all combinations of two substrates.
As an initial test, we started by extending the previously developed model for
distinguishing sugar- from amino acid transporters in A. thaliana with addi-
tional substrates. We found that adding potassium- and electron transporters,
as described in Sections 2.1.3.5 and 2.1.3.6, respectively, led to a very good
classification performance across all four classes 3.10. The optimal choice of
substrate classes was the subject of Chapter 4, and will be summarized be-
low. Interestingly, while using PCA to reduce feature dimensions worked well
in the binary case, it was not as effective for the multi-class case, where feature
selection with ANOVA F-scores delivered better results.

When evaluating the previous results, we noticed that the choice of best-per-
forming feature largely depended on the classification task at hand. To explore
this further, we implemented an ensemble method that automatically combined
different feature datasets, and provides a hyperparameter that allows the best
combination to be determined from training data, with grid search. The pipeline
was then able to select any combination of the four PSSMs that we calculated
for each protein, as well as the AAC and PAAC features. When creating 1,000
randomly drawn training-test-splits and training an ML pipeline with the cus-
tom transformer on each, we found that the model showed a clear preference
for PSSM features calculated from more distantly related proteins, i.e. those de-
rived from three iterations of PSI-BLAST on either Uniref50 or Uniref90. Only
25.6% and 6.7% of models included AAC or PAAC, respectively (see Section
3.4.5 for more details).

Finally, we compared different ML algorithms again, to estimate their perfor-
mance in the multi-class case, together with the custom transformer for auto-
matic feature combination. While the non-parametric algorithms, i.e. KNN and
RF, did lead to models with clearly lower performance, an SVM with stochastic
gradient descent (SGD-SVM), as well as a single Perceptron, matched a RBF-
SVM model in its evaluation scores. Combining the Perceptron with elastic net
regularization led to a very stable model for the multi-class dataset, with macro-
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averaged training and test scores of 0.978±0.006 and 0.969±0.024, respectively
(see Section 3.4.6).

6.1.4 Chapter 4: Improving data sources and finding op-
timal substrate classes for any dataset

In Chapter 3, we had extended our model for sugar and amino acid transporters
to include additional substrates, and found that the performance of these multi-
class models largely depended the substrate classes that were added, and on the
dataset. The goal of the second published manuscript in Chapter 4 was then to
find a set of substrate classes that cover as many transmembrane transporters
as possible, are as specific as possible in their functional description, and also
contain enough proteins for training, i.e. at least 20 samples per class.

First, we replaced Uniprot Keywords, which we had previously used for func-
tional protein annotations, with gene ontology terms. Keywords were less pre-
cise than GO terms from the “molecular function” (GO-MF) aspect of GO, and
frequently required additional filtering to remove proteins from the dataset that
were involved in pathyways related to transmembrane transport, but did not
carry out the function themselves. GO-MF also contains more precise functional
descriptions. For example, whereas keywords only annotate proteins as sugar
transporters, GO-MF also has child-terms for carriers of hexoses or of D-glucose.

As described in more detail in Section 2.2.1.5, the GO-MF terms are arranged
hierarchically, in a tree structure, where paths lead back to the root node. Here,
the “is a” relation describes a logical connection between a more abstract and
a more specific term; we removed any other type of relation from the tree. Fur-
thermore, we only kept the sub-tree of GO-MF terms that describe a type of
“transmembrane transporter activity”. When using experimental evidence from
published literature to annotate this tree with the proteins from our filtered pro-
tein dataset, we observed that the sample count of a GO term decreases with
increasing distance from the root node, as functions get more specific. While
many proteins were experimentally verified to transport a more abstract sub-
strate description, such as carbohydrate or sugar, few were explicitly annotated
with the transport of a very specific sugar molecule, e.g. α-D-glucopyranose.
This means that GO terms and their associated protein sets, there is a trade-off
between the number of samples available for training, and the precision of the
functional annotation. Many proteins are only annotated with a more specific
GO term, but not with the more abstract terms that are connected to this term
by “is a” relations. We propagated these annotations upwards in the tree, which
improved the sample counts for abstract classes considerably. For example, if
a carrier is only annotated with “hexose transport”, and there is a directed
path between “hexose transport” and “sugar transport”, then the carrier is also
annotated with the latter. The resulting dataset creation pipeline provides sev-
eral additional parameters that allows for a trade-off between sample count and
data quality, e.g. by filtering for different evidence codes both in Uniprot and in
GO. The parameters, along with the effect they have on the available number
of proteins and GO annotations, are listed in Tables C.1 and C.2, respectively.

As there are hundreds of GO terms associated with transmembrane transport
functions, and testing their performance as substrate classes did not show a
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clear pattern, we implemented an optimization algorithm that approximates
an optimal subset of annotations. One challenge was that many proteins were
annotated with terms from multiple substrate classes. For example, there are
various types of symporters and antiporters (Section 2.1.3.2) that transport the
same cation along with different solutes, and this substrate class overlaps with
ion channels for that cation (Section 2.1.3.5), as well as large protein complexes
that act as ATP-driven ion pumps (Section 2.1.3.1). Telling these annotations
apart from others by training ML models on the annotated proteins would prove
challenging, due to the heterogeneity in the set of training samples.

We started by finding and implementing additional similarity measures between
GO terms. The idea was to find a number of constraints based on these metrics
that would predict a good classification performance between two annotations,
and their annotated protein sets. The final annotation subset should have min-
imal redundancy, cover as many proteins as possible, prefer specific functional
descriptions over more abstract terms, ensure that enough samples are avail-
able in each class for training, and allow for the training of stable and accurate
models.

The pairwise similarity measures between GO terms included five different se-
mantic similarity algorithms from the GOSemSim package [383]. Four of these
graph-based algorithms measured GO similarity through information content
(IC), which describes how specific or abstract a term is, based on how many
proteins are annotated with it in a given dataset. The similarity calculation be-
tween two terms then centers around the IC scores their common ancestors [449].
In contrast, the Wang method, which we ended up including in the manuscript,
is calculated solely from path lengths of GO terms to their common ancestors
and to the root node [384].

We derived further similarity measures directly from the GO terms and their an-
notated protein sets (see Section 4.3.3). This included pairwise sequence identity
scores calculated with the Needleman-Wunsch algorithm, which we aggregated
into a single number for each pair of GO terms by taking the median, mean,
maximum or minimum identity between the two protein sets. For the entire
set of GO terms, this gave us four sequence identity matrices. Furthermore, the
overlap matrix contained the size of the intersection set between the two protein
sets annotated with each pair of GO terms. The degree similarity score was cal-
culated from the difference in the total number of edges that were attached to
two GO terms in the GO graph, and the similarity of in-degree and out-degree
denoted the difference in the number incoming and outgoing edges, respectively.
Finally, the adjacency matrix simply contained binary values denoting whether
there is an edge between two GO terms.

Next, we took advantage of the fact that cross-ontology connections exist be-
tween the GO and ChEBI ontologies, with multiple types of relations. ChEBI is
an ontology that organizes chemical entities of biological interest, and is further
explained in Section 2.2.1.5. We retrieved the ChEBI terms for our GO-MF
sub-tree of transmembrane transport annotations, and filtered them according
to the relations. Only ChEBI terms that were labeled as primary transported
substrates were kept in the dataset (see Section 4.3.3.4). From these molecule
annotations, we then calculated chemical similarity scores for each pair of GO
terms, from their associated substrates. The idea was that chemically distinct
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molecules also lead to different chemical compositions in transporter binding
pockets and sequences, possibly making it easier for sequence- and structure-
based ML models to tell the respective substrate classes apart. We calculated
four molecular fingerprints from each molecule and compared them with the
Tanimoto coefficient, as described in Section 4.3.3.4.

Finally, we trained 24 different ML pipelines for each pair of GO terms, to
cover different methods for pre-processing, sequence clustering, dimensionality
reduction and feature selection. We also compared different approaches for
dealing with classification tasks where the classes are overlapping, testing multi-
label and multi-output classifiers.

Now that matrices with pairwise similarity- and evaluation scores were assem-
bled for all GO terms, we employed statistical testing and correlation analysis
to find connections between them (see Sections 2.2.2 and 4.4.4.3). Both of these
analyses led to the conclusion that out of the previously calculated similarity
measures, the strongest predictors for classification performance were derived
from pairwise sequence identity. The mean sequence identity was the only metric
that was able to predict classification performance with a statistically significant
p-value of p = 0.0306 after multiple-hypothesis correction, when performing a
t-test between GO terms with high and low ML evaluation scores. The highest
and lowest correlation coefficients between F1 scores and similarity measures
were achieved by the minimum and maximum sequence identity, respectively,
suggesting that a good pair of functional annotations for training binary ML
classifiers should not be too similar, but also not too dissimilar from each other,
in terms of their protein sequence identity (see Table 4.1). As several similarity
scores were not normally distributed according to the Shapiro-Wilk statistic,
and had therefore not been included when performing the independent t-tests,
we then performed two one-tailed Mann-Whitney-U tests, in order to test a
broader selection of similarity measures. After p-values were corrected with the
Benjamini-Hochberg method, we additionally found the GO semantic similarity,
the absolute difference in sample count and the maximum sequence identity to
be statistically significant predictors of lower classification performance, while
higher F1 scores were predicted by both the average and the minimum sequence
identity.

Unfortunately, the chemical similarity scores were only available for a small num-
ber of GO terms. This was due to the fact that many abstract ChEBI terms,
such as “sugar” or “hexose”, were not linked to a specific chemical structure,
which is a requirement for calculating molecular fingerprints. Only GO terms
that were linked to more specific ChEBI terms, such as “D-glucopyranose”,
could be compared to each other with pairwise Tanimoto coefficients. We tried
to solve this problem by retrieving descendants of abstract ChEBI terms that
were linked to chemical structures, in order to create a matrix of chemical simi-
larity scores between the descendants of two ChEBI terms instead, which would
then be aggregated, e.g. by taking the median value. However, we found that
ChEBI is too complex for that approach to be viable, as it can contain circular
paths, connections between different sub-graphs, and a very large number of
edge cases that would need to be manually removed. For example, the ChEBI
term for sugar has hundreds of child-terms, and each of those sub-graphs con-
tains several molecules that we would not want in our dataset, such as open-
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chain sugars, multiple stereoisomers, variants containing carbon isotopes in dif-
ferent places, and more. Filtering these molecules for those that are relevant to
each transport function, while also having high bio-availability in the organisms
or tissues we are interested in, would be a very time-consuming task, and defeat
the premise of creating an automated pipeline. This is especially the case for
the large number of lesser-known substrate classes, whereas finding the correct
molecules for classes such as sugar or amino acid would be relatively trivial. One
such effort has recently been undertaken by Goldmann et al. [27], where 460 hu-
man proteins from the SLC super-family (see Section 2.2.1.7) were annotated
with the ChEBI terms of their substrate molecules by a team of 16 researchers,
who read through the published studies for each transporter. Based on the an-
notated molecules, the proteins were assigned into nine substrate classes, which
were represented by abstract ChEBI terms.

After analyzing the results from the comparative analysis, we subsequently im-
plemented and tested a number of optimization algorithms that aimed to find an
optimal subset of GO terms based on constraints around similarity scores. The
best method, which was included in the manuscript, created a training dataset,
where it iteratively removed the GO term that had the highest negative impact
on the average pairwise evaluation score, while also making sure that enough
proteins are still covered by remaining annotations. The distance to the root
node was used as a tie breaker. The algorithm is described in more detail in
Section 4.3.4 and Appendix C.2. The full pipeline is shown as a flowchart in
Figure 4.1. In a dataset of all membrane transporters in yeast, the algorithm
reduced the number of GO-MF annotations from 287 to 11, while only losing
1.9% of proteins. The eleven classes had a median pairwise F1 score of 0.87. In
a meta-organism dataset encompassing proteins from human, yeast, E. coli and
A. thaliana, the number of GO terms related to transmembrane transport was
reduced from 695 to 49 while keeping 96% of all proteins. The mean pairwise
overlap between these 49 classes was only 2%, and their median pairwise F1
score was 0.92 ± 0.10. Reducing the number of classes any further required us
to remove more annotated proteins from the dataset. At a protein coverage
of 67%, we found 30 classes with a mean overlap of only 1%, and the median
pairwise F1 score increased to 0.95 ± 0.06. This underscores our previous ob-
servation that one supervised ML model will likely not be capable of accurately
classifying all known membrane transporters, including channels, carriers and
ATP-driven pumps, simultaneously.

In conclusion, we introduced an optimization algorithm that allows for the re-
duction of redundancy and overlap within GO-MF annotation sets, without
losing much information in the process. The smaller number of annotation,
with low reduncancy and overlap, simplifies the training of supervised learning
models considerably. We also implemented a new dataset creation pipeline for
automatically assembling protein sets based on molecular function annotations,
which are, in turn, backed up by experimental data from published studies.
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6.1.5 Chapter 5: Can recent advances in deep learning
improve our features and models?

In the meantime, deep learning (DL) methods had been introduced to bioinfor-
matics and successfully applied for various tasks, as we summarized in Section
5.2.3.

There were two applications of DL models that we were particularly interested
in. First, the accurate protein 3D structure prediction with AlphaFold 2 [21]
and similar tools opened up the possibility of training ML models on the three-
dimensional folds of proteins, and not just on sequences, providing additional
information to the model. And second, the recent advances in natural language
processing that led to large language models (LLMs) had been applied to pro-
teins, by interpreting each amino acid sequence as a sentence, each residue in
that sentence as a word, and the 20 types of amino acids encoded by standard
genetic code as the underlying dictionary.

Additionally, we wanted to train a deep neural network model and compare
it to the previously developed SVM pipeline. In Chapter 3, we had already
shown that a single-layer perceptron, which is the core building block of neu-
ral networks, was able to match the performance and consistency of a SVM.
Furthermore, we tested the various types of layers and optimizers available in
deep learning libraries, with the goal of replacing the feature selection in the
ML pipeline with an internal regularization method.

Our first attempts at encoding protein structural models from AlphaFold 2 into
fixed-size numerical vectors for supervised learning revolved around distance
maps and contact maps. These quadratic matrices contain n×n dimensions for
a sequence of length n. Distance maps list the distances between Cα atoms for
each pairing of amino acids in the sequence, whereas contact maps convert these
distances to binary or integer values, based on distance thresholds. We tested
several methods for turning these quadratic matrices with variable, protein-
dependent dimensions into machine learning features of constant length. This
included padding of lower-dimensional maps, converting the matrices to bitmap
images to then apply image convolution operations, and interpreting contact
maps as adjacency matrices that represent graphs, to then use them as input
for a graph convolutional network (GCN), similarly to the DeepFRI model for
general protein function prediction [351].

We then discovered the FoldSeek tool [42], which turns protein structures into
“3Di sequences” that are the same length of the underlying amino acid se-
quence, and use the same alphabet of 20 letters. These 20 states encode the
backbone angles around each amino acid and around its nearest neighbor in
the structure, along with the distance in both sequence and structure between
the two (more detail in Section 5.2.4). These structural sequences allow meth-
ods developed for amino acid sequences, such as clustering, local and global
alignments, as well as BLAST-like searches in 3Di sequence databases, to be
applied to the 3D structures of proteins. We converted our protein structural
models from AlphaFoldDB [21][275] into 3Di sequences with FoldSeek, and then
turned them into fixed-size vectors by calculating normalized k -mer frequencies
for k ∈ {1, 2, 3}.
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As described in Section 5.3.8, we encoded both types of sequences with protein
language models (pLMs). Amino acid (AA) sequences were first converted to
per-protein embeddings with ProtT5 [378]. Conversely, the ProstT5 model [434]
was trained to convert between amino acid and 3Di sequences, on a dataset
that contains information from both. We created two additional embeddings
for each protein with this model, from its AA sequence and its 3Di sequence,
respectively. The 3Di sequences were calculated with FoldSeek, from structural
models retrieved from AlphaFoldDB.

First, we compared the performance of these new features against the previously
introduced encodings from Chapter 3. Again, we created a dataset of sugar-
and amino acid transporters in A thaliana, but this time with the GO-MF
pipeline from Chapter 4. We used the strictest parameters when creating the
dataset, to only retrieve proteins and annotations that are directly backed up
by experimental evidence from peer-reviewed studies.

After thoroughly analyzing the resulting dataset in Section 5.4.1.1, we first
tested both the new and the old features with our previously developed pipeline,
which consisted of an RBF-SVM and feature selection through ANOVA F-
scores. Table D.3 provides an overview of all the feature generation algorithms.
As shown in Table D.1, the DL-based features brought substantial improve-
ments over the encodings derived solely from protein sequence and evolution-
ary information that we introduced in Chapter 3. The new features also led
to improved consistency across different training- and test sets, with minimum
evaluation scores that were much closer to the median (see Figure 5.1). Interest-
ingly, the 3Di k-mers gave us a classification performance that was very similar
to the pLM embeddings, surpassing the previously best-performing PSSM- and
META-features, while being much faster and less resource-intensive to calculate.
Whereas creating the embeddings took several hours on a modern graphics card
with 16GB of video memory, and calculating four PSSMs for each protein took
several days on a CPU with 80 threads, the 3Di sequences for the four proteomes
we considered for the study were calculated in less than a second, on a regular
desktop processor.

Next, we tested replacing the SVM model with a deep neural network (DNN),
and evaluated both on the same data. After trying various DNN configurations,
with different types of layers, loss functions and optimization algorithms, we
arrived at a feedforward neural network (FNN) with three densely connected
layers, interspersed with dropout layers, where 50% of the connections are ran-
domly severed during training. This introduces regularization to the model, and
allows us to no longer rely on external methods for reducing feature dimensions,
such as feature selection or PCA. We also tested the viability of dynamically
creating neural networks based on the dimensions of the training dataset, de-
termining the number of input nodes and/or layers from the number of features
or samples. As this did not lead to a considerable change in classification per-
formance, we selected the simpler static model instead, where all optimization-
and training procedures now happen internally.

As shown in Table 5.1, the DNN led to further improvements in the average
evaluation scores, with even lower variance (Figure 5.2). This was particularly
apparent when comparing the performance of the pLM embeddings between
the DNN and SVM models, where the minimum test scores were higher for the
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DNN, with both 3Di k-mers and pLM embeddings achieving F1 scores of 0.89
or higher across five repetitions of a five-fold cross validation.

One type of transport protein where our previous models found limited success
was that of ion channels. While the selectivity filters in these proteins often
contain sequence motifs that a ML model could learn from, their selectivity
can also rely on the exact distances between the amino acids that provide the
binding sites for ions during transport, as we described in Section 2.1.3.5. We
were therefore interested in the performance of the new model and features,
when distinguishing between ion channels that belong to different substrate
classes. We created a dataset of human ion channels that transport calcium,
potassium and chloride. As the dataset analysis in Section 5.4.2.1 showed, these
three substrate classes each encompass a variety of different protein families, and
simultaneously had enough samples available for training.

When evaluating pairwise ML models for these three classes of ion channels, we
found that the pLM embeddings delivered better results than most of the previ-
ously developed encodings, across the three models (see Table 5.2, Figure 5.3).
As with the A. thaliana dataset, the DNN was able to deliver slightly higher
results than the SVM and was, in most cases, more consistent across the 25
test cases. However, the largest difference came from the choice of feature gen-
eration algorithm. Some of the other features, particularly the META-feature
from Chapter 3 and the 3Di 2-mer composition, did manage to match the em-
beddings in their evaluation scores, but the performance was more inconsistent
between different datasets. In future studies, combinations of these features
with embeddings of protein sequence and/or structure, possibly together with
more complex DNN architectures, could improve the existing results further.

In conclusion, we can say that the recent advances in deep learning have allowed
us to create better features and models for membrane transporter substrate
prediction. We found that the training dataset and feature generation were more
important for classification performance than the choice of ML model. Since
the optimal selection of model and features depends on the classification task at
hand, the optimal solution will likely involve an ensemble approach, similar to
the automatic feature combination transformer that we tested in Section 3.4.5.

6.2 Conclusion and Outlook

At first, the task might seem simple. Amino acid sequences are strings of vary-
ing length, build from an alphabet of 20 different characters. They are assigned
to one or multiple classes, depending on which substrate(s) they carry. Now,
we need to find a mathematical model that associates these strings with the
classes, and then we can predict the substrates of additional membrane trans-
porters. However, when looking at the biological complexity behind transmem-
brane transport that we touched on with some examples in Section 2.1, and at
the dataset analysis we performed in Chapter 4, it becomes clear that the solu-
tion is not as trivial, and requires careful selection of training samples, feature
encodings, machine learning algorithms, and optimization methods.

On one hand, we needed a dataset of membrane transporters that were similar
enough to be comparable, e.g. by including only ion channels, or only trans-
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membrane proteins that have binding pockets, as is the case for most carriers
and many multi-pass membrane domains of primary active transport complexes.
On the other hand, we wanted protein sets that were not too closely related,
as that would mean that we are actually predicting protein families or homo-
logues/isoforms instead of substrate classes, which could also introduce infor-
mation sharing between the training- and test sets, leading to biased evaluation
results. Therefore, we employed a sequence identity threshold, and analyzed the
training datasets for the number of motifs/domains/families that were present
in each class before evaluation. Another task was to retrieve reliable annotation
data for the proteins in UniprotKB, in order to find the membrane transporters,
and then assign them to protein sets according to their transport mechanisms
and transported substrates. We started with Keywords from the manually cu-
rated Swiss-Prot subset of Uniprot, but found that functional annotations were
too broad. We then implemented a pipeline in Chapter 4 that took the en-
tire Gene Ontology as its input, and filtered it down to an ontology of mem-
brane transport functions. This pipeline employed parameters that allowed for
a trade-off between quality and quantity of training data, by either solely rely-
ing on experimentally verified data from peer-reviewed studies, or also including
predicted annotations or protein sequences.

We found that substrate classes can best be distinguished in two steps: First,
an appropriate encoding is needed that contains the necessary information for
telling apart one protein set from another. And second, since these relevant
data points only make up a very small percentage of feature dimensions, we
need sophisticated filtering methods for removing the unnecessary information
and noise, without over-fitting on the training data in the process. To this
end, we compared, combined, and expanded on algorithms for protein feature
encoding, and introduced a new method that encodes protein structural models
with deep learning, in Chapters 3 and 5. Our first ML pipeline used a training
dataset to find an optimal number of features or principal components to keep,
with feature selection or PCA, respectively, and then trained a support vector
machine (SVM) with radial basis function kernel, so it could fit to data that
was not linearly separable. Optimization of the pipeline was carried out with a
grid search cross validation on the training split, in order to prevent overfitting
and encourage good model generalization. In Chapter 5, we then implemented
a deep neural network with integrated regularization layers that improved on
the SVM in both consistency and performance.

Throughout this thesis, we developed the subpred Python packages, which allow
for easy access to these methods through an API. Usage of this API is exempli-
fied in Jupyter notebooks that are provided in the respective repositories. The
subpred-dl package contains methods for creating protein datasets from a set of
GO terms, for turning these proteins into ML features with encodings derived
from sequence, 3D structure, evolutionary information and protein language
models, and for training either the SVM-RBF pipeline with feature selection,
or the DNN model on that dataset. The resulting ML model can then be used
to predict the substrates of additional transmembrane transporters, either by
assigning them into pre-defined substrate classes, or by finding all transporters
of a particular substrate in a one-vs-rest approach against a background set.
To ensure reproducibility and to speed up batch processing, all computation
was done locally. The code automatically sets up local BLAST databases from
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Uniref50 and Uniref90, downloads transformer models from Huggingface, makes
use of CUDA if available, and creates its own sub-ontologies and GO-annotation
subsets by filtering and extending the Gene Ontology and UniProtKB-GOA
datasets. The package also makes extensive use of caching, so that time-
consuming function calls, such as PSSM calculation or inference of language
embeddings, only need to be executed once. We implemented several Python
wrappers that allow for easy access to command line programs (CD-HIT, Fold-
Seek, PSIBLAST), R packages (Biostrings, GoSemSim), and pre-trained protein
language models (ProtT5, ProstT5). They provide additional functions that are
useful for the prediction of substrates and GO terms. The subpred4 variant con-
tains further methods for analyzing datasets, e.g. for creating hierarchical plots
of ontologies where edges and nodes can be annotated with data from various
sources, as well as the greedy optimization algorithm that reduced the redun-
dancy in GO annotation sets by more than 90% in our tests. It also allows
for the computation of all similarity measures and pairwise evaluation scores
described in Chapter 4.

As the quantity and quality of input data is so important for training ML models
for substrate prediction, the respective models will improve over time, as more
experimental studies are carried out, and more of that information is integrated
and organized into structured datasets, both automatically and through manual
efforts.

One such effort was recently undertaken by the Resolute project [27], where
the majority of the 464 human solute carrier (SLC) proteins were manually
annotated by a team of researchers, with substrates derived from published
literature. This work also provides interesting insights into the relationships
between sequence identity, shared structural folds and substrate specificity of
membrane transporters in the SLC super-family. As many of these proteins
are now annotated with specific molecules that can be converted into molecular
fingerprints, the idea of automatically clustering transport proteins through the
chemical similarity of their substrates, which we introduced in Chapter 4, could
now be applicable. Furthermore, the high quality of the dataset opens up the
possibility of training ML models on this data, with the goal of finding homo-
logues in other organisms, where substrate annotations are often missing. As
the annotation effort also included known pharmaceutical compounds, the re-
sulting models could provide interesting information to pharmaceutical research
as well, e.g. about drug resistance or antibiotics.

Another development that will lead to improvements in data availability is
the standardization of data storage, allowing for links and mappings between
databases. Resources and tools such as GOA [288], InterProScan [295] or Inter-
Pro2GO [450] help to annotate sequence data with results from scientific studies,
while projects that are part of the OBO Foundry [280] organize the available in-
formation into standardized and cross-compatible ontologies. These connections
also make the data more accessible to machines, enabling automated reasoning
with tools such as Protégé [286] and Robot [284]. In the future, specialized
language models trained on this organized data could provide researchers with
new hypotheses to test.

Further improvements to the accuracy of membrane transporter substrate pre-
diction can also be achieved through advancements in machine learning algo-
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rithms. In Chapter 5, we have shown that protein encodings derived with deep
learning methods, paired with a regularized feedforward neural network (FNN)
architecture, were able to beat previous approaches that relied on features de-
rived from sequence and evolutionary information. More complex models and
protein encodings, such as specialized sequence embeddings or different features
derived from protein structure, have already been applied to general GO term
prediction, with promising results [41][351]. Other methods add data from addi-
tional sources, such as annotated protein-protein interaction networks [451][427],
or the hierarchy of “is a” relations in the Gene Ontology [427][414] (see Section
2.2.1.5). While evaluation results from competitions show that the task of pre-
dicting all GO annotations of a protein is far from being solved [41], the winning
methods could still provide improvements and new ideas for more specialized
tasks, such as membrane transporter substrate prediction.

We also have some additional ideas that could improve the existing methods.
These provide a good starting point for building on this work in the future. First,
the ML features that delivered the best results in Chapter 3 and 4 were derived
from PSSMs, by calculating the average scores for each amino acid type along
the sequence. Wang et al. [452] lists a total of 21 methods for PSSM feature
encoding, some of which could lead to improved performance of the resulting
models. Similarly, we only calculated sequence embeddings with the ProtT5
and ProstT5 protein language models (pLM), the former of which had achieved
the highest evaluation scores in comparative benchmarks. Other models that
can be used for protein feature extraction, such as ESM-2 [410] or the other
models that were introduced in the same study as ProtT5 [378], could potentially
deliver better results for our specific use-case. Whereas we use embeddings from
pLMs as input for simpler models, an alternative would be to fine-tune the pLM
directly, turning it into a transporter substrate classifier. However, this would
likely require significant computational resources and training time.

As many substrate classes and GO terms are only associated with few proteins,
techniques from the field of few-shot learning could also be explored in the fu-
ture. On one hand this encompasses transfer learning, where a DNN would
be pre-trained on labeled or unlabeled data, in order to optimize the initial
weights. This can improve both training time and classification performance,
by ensuring that the model pays attention to the most useful input nodes imme-
diately. On the other hand there are meta-learning approaches, where models
“learn to learn” on classes with a very small number of samples, as is often the
case for protein sets associated with GO terms. Metric-based meta-learners are
especially interesting, since they follow a similar idea as the GO term clustering
based on similarity scores between proteins that we tested in Chapter 4. One
example are prototype networks [453], where a neural network iteratively learns
to create optimized embeddings for the proteins, while a pairwise distance mea-
sure between these embeddings, such as the cosine distance, defines a metric
space. The goal is to create embeddings that separate the classes (e.g. protein
sets defined by GO terms) from each other in the space defined by this met-
ric, while putting members of the same class close together. For every class, a
prototype is calculated as the average embedding of all members. New samples
can then be converted into the same embedding space, and the cosine distances
between the embedded sample and the class prototypes determine the classi-
fication, in a “nearest neighbor” approach. Relational Networks (RNs) [454]
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follow a similar idea. The two main differences are that they do not calculate
prototypes, relying on pair-wise similarity scores instead, and that they learn
both the embedding function and the distance metric through an iterative opti-
mization process, instead of using the fixed cosine distance metric. This allows
them to adapt to more complex datasets, although the computational cost is
also increased.

Throughout this project, we also tried to implement classifiers that search for
transporters of a particular substrate in a large set of proteins, using a one-vs-
rest approach. However, we always had problems with the performance on the
minority class, even when optimizing class weights, upsampling with SMOTE
[352], or employing specialized evaluation scores such as focal loss. As few-shot
methods are optimized for adapting to classes with a small number of samples,
they could be a possible solution to this problem. For substrate prediction in
general, calculating a prototype for each class would reduce the impact of class
imbalance on the results, whereas the learned similarity score of RNs might be
interesting for creating a model that adapts to the vast biological complexity
found in multi-class membrane transporter datasets. These ideas, put together,
could be the starting point for a more complex model architecture that would
then be trained on the transporter datasets and protein encodings from Chapters
3 and 5, to find an optimal subset of functional annotations as in Chapter 4,
and then assign new proteins with unknown functions to these classes with high
accuracy.

In this thesis, we explored datasets of transmembrane transporters and cre-
ated pipelines that find and label relevant proteins according to their substrate
classes. We developed and expanded on feature encodings based on sequence,
3D structure, evolutionary information and state-of-the-art deep learning meth-
ods. Finally, we put these together with machine learning algorithms, such as
support vector machines or deep neural networks, into full pipelines for data
assembly, training and prediction, and made the implementation available as
software packages. Building on this work, future advancements in specialized
deep learning models, in hand-crafted protein encodings, along with manually
curated training datasets, will enable the creation of machine learning pipelines
that can annotate all transport proteins in any genome with their respective sub-
strate classes and molecules, or find all transporters of a particular substrate in
a given proteome. This tool will provide valuable information to various fields of
research, including the design of specialized micro-organisms for biotechnologi-
cal applications, the identification of drug exporters that contribute to resistance
against pharmaceutical compounds, as well as basic research efforts that aim to
understand the functions of all genes and proteins in any species.
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[86] Liping Sun and Rainer A Böckmann. Membrane phase transition during
heating and cooling: molecular insight into reversible melting. European
Biophysics Journal, 47(2):151–164, 2018.
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[220] Simon Berneche and Benôıt Roux. A microscopic view of ion conduction
through the k+ channel. Proceedings of the National Academy of Sciences,
100(15):8644–8648, 2003.

[221] Huong T Kratochvil, Joshua K Carr, Kimberly Matulef, Alvin W Annen,
Hui Li, Micha l Maj, Jared Ostmeyer, Arnaldo L Serrano, H Raghuraman,
Sean D Moran, et al. Instantaneous ion configurations in the k+ ion



184 BIBLIOGRAPHY

channel selectivity filter revealed by 2d ir spectroscopy. Science, 353(6303):
1040–1044, 2016.

[222] Simon Berneche and Benoit Roux. Energetics of ion conduction through
the k+ channel. Nature, 414(6859):73–77, 2001.
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mers, Pauli Virtanen, David Cournapeau, Eric Wieser, Julian Taylor, Se-
bastian Berg, Nathaniel J Smith, et al. Array programming with numpy.
Nature, 585(7825):357–362, 2020.

[439] Mart́ın Abadi, Paul Barham, Jianmin Chen, Zhifeng Chen, Andy Davis,
Jeffrey Dean, Matthieu Devin, Sanjay Ghemawat, Geoffrey Irving,
Michael Isard, et al. {TensorFlow}: a system for {Large-Scale} machine
learning. In 12th USENIX symposium on operating systems design and
implementation (OSDI 16), pages 265–283, 2016.

[440] François Chollet et al. Keras. https://keras.io, 2015.

[441] Diederik P Kingma. Adam: A method for stochastic optimization. arXiv
preprint arXiv:1412.6980, 2014.

[442] Fei Tony Liu, Kai Ming Ting, and Zhi-Hua Zhou. Isolation-based
anomaly detection. ACM Transactions on Knowledge Discovery from
Data (TKDD), 6(1):1–39, 2012.

[443] Anant B Parekh and James W Putney Jr. Store-operated calcium chan-
nels. Physiological reviews, 85(2):757–810, 2005.

[444] UniProt Consortium et al. Uniprot: the universal protein knowledgebase.
Nucleic acids research, 46(5):2699, 2018.

[445] Shuichi Kawashima and Minoru Kanehisa. Aaindex: amino acid index
database. Nucleic acids research, 28(1):374–374, 2000.

[446] John Lonsdale, Jeffrey Thomas, Mike Salvatore, Rebecca Phillips, Ed-
mund Lo, Saboor Shad, Richard Hasz, Gary Walters, Fernando Garcia,
Nancy Young, et al. The genotype-tissue expression (gtex) project. Nature
genetics, 45(6):580, 2013.

[447] Ron Edgar, Michael Domrachev, and Alex E Lash. Gene expression om-
nibus: Ncbi gene expression and hybridization array data repository. Nu-
cleic acids research, 30(1):207–210, 2002.

[448] Milton H Saier. A functional-phylogenetic classification system for trans-
membrane solute transporters. Microbiology and Molecular Biology Re-
views, 64(2):354–411, 2000.

https://keras.io


202 BIBLIOGRAPHY

[449] Catia Pesquita, Daniel Faria, Andre O Falcao, Phillip Lord, and Fran-
cisco M Couto. Semantic similarity in biomedical ontologies. PLoS com-
putational biology, 5(7):e1000443, 2009.

[450] Sarah Burge, Elizabeth Kelly, David Lonsdale, Prudence Mutowo-
Muellenet, Craig McAnulla, Alex Mitchell, Amaia Sangrador-Vegas, Siew-
Yit Yong, Nicola Mulder, and Sarah Hunter. Manual go annotation of pre-
dictive protein signatures: the interpro approach to go curation. Database,
2012:bar068, 2012.

[451] Kunjie Fan, Yuanfang Guan, and Yan Zhang. Graph2go: a multi-modal
attributed network embedding method for inferring protein functions. Gi-
gaScience, 9(8):giaa081, 2020.

[452] Jiawei Wang, Bingjiao Yang, Jerico Revote, Andre Leier, Tatiana T
Marquez-Lago, Geoffrey Webb, Jiangning Song, Kuo-Chen Chou, and
Trevor Lithgow. Possum: a bioinformatics toolkit for generating numer-
ical sequence feature descriptors based on pssm profiles. Bioinformatics,
33(17):2756–2758, 2017.

[453] Jake Snell, Kevin Swersky, and Richard Zemel. Prototypical networks for
few-shot learning. Advances in neural information processing systems, 30,
2017.

[454] Adam Santoro, David Raposo, David G Barrett, Mateusz Malinowski,
Razvan Pascanu, Peter Battaglia, and Timothy Lillicrap. A simple neural
network module for relational reasoning. Advances in neural information
processing systems, 30, 2017.



Appendix A

Supplementary Material for
Chapter 2

203



204 APPENDIX A. SUPPLEMENTARY MATERIAL FOR CHAPTER 2

Figure A.1: Amino acid residues found in the 20 proteinogenic amino acids that are encoded
by the standard genetic code. Each residue is attached to the Cα atom of a L-α-amino acid
through the covalent bond colored in red (see Figure 2.1). Adapted from Branden and Tooze
[58].
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Figure A.2: Pairwise sequence identity matrix featuring human GLUT1-4 (P11166, P11168,
P11169 and P14672, respectively) and four homologues from A. thaliana, E. coli, P. falciparum
and S. epidermidis (Q9LT15, P0AGF4, Q7KWJ5 and A0A0H2VG78, respectively). The
scores were was created using Clustal 2.1 on the UniprotKB, version 2025 01. Despite low
sequence identity, these proteins still show high structural conservation, and closely matching
binding pockets.
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sp|Q7KWJ5|HXT1_PLAF7 MTKSSKDICSENEGKKNGKSGFFSTSFKYVLSACIASFIFGYQVSVLNTIKNFIVVEFE- 59

sp|Q9LT15|STP10_ARATH MAGG-AFVSEGGGGGRSYEGGVTAFVIMTCIVAAMGGLLFGYDLGISGGV-TSMEEFLTK 58

sp|P11168|GTR2_HUMAN ----------------MTEDKVTGTLVFTVITAVLGSFQFGYDIGVINAPQQVIISHYRH 44

sp|P11169|GTR3_HUMAN ----------------MGTQKVTPALIFAITVATIGSFQFGYNTGVINAPEKIIKEFINK 44

sp|P11166|GTR1_HUMAN --------------MEPSSKKLTGRLMLAVGGAVLGSLQFGYNTGVINAPQKVIEEFYNQ 46

sp|P14672|GLUT4_HUMAN -MPS-GFQQIGSEDGEPPQQRVTGTLVLAVFSAVLGSLQFGYNIGVINAPQKVIEQSYNE 58

sp|P0AGF4|XYLE_ECOLI ----------------MNTQYNSSYIFSITLVATLGGLLFGYDTAVISGTVESLN----T 40

sp|A0A0H2VG78|GLCP_STAES ---------------------MKANKYLIFILGALGGLLYGYDNGVISGALLFIH----K 35

. :..: :**: .: . :

sp|Q7KWJ5|HXT1_PLAF7 -WC--KG--------------------------------EKDRLNCSNNTIQSSFLLASV 84

sp|Q9LT15|STP10_ARATH FFPQVESQMKKAK---------------------------HDTAYCKFDNQMLQLFTSSL 91

sp|P11168|GTR2_HUMAN VLGVPLDDRKAINNYVINSTDELPTISYSMNPKPTPWAEEETVAAAQLITMLWSLSVSSF 104

sp|P11169|GTR3_HUMAN TLTDKGN-------------------------------A---PPSEVLLTSLWSLSVAIF 70

sp|P11166|GTR1_HUMAN TWVHRYGE----------------------------------SILPTTLTTLWSLSVAIF 72

sp|P14672|GLUT4_HUMAN TWLGRQGP------------------------------EGPSSIPPGTLTTLWALSVAIF 88

sp|P0AGF4|XYLE_ECOLI VFVAPQN------------------------------------LSESAANSLLGFCVASA 64

sp|A0A0H2VG78|GLCP_STAES DIP--------------------------------------------LNSTTEGIVVSSM 51

. : :

sp|Q7KWJ5|HXT1_PLAF7 FIGAVLGCGFSGYLVQ-FGRRLSLLIIYNFFFLVSILTSIT------------------H 125

sp|Q9LT15|STP10_ARATH YLAALVASFMASVITRKHGRKVSMFIGGLAFLIGALFNAFA------------------V 133

sp|P11168|GTR2_HUMAN AVGGMTASFFGGWLGDTLGRIKAMLVANILSLVGALLMGFSKLG---------------P 149

sp|P11169|GTR3_HUMAN SVGGMIGSFSVGLFVNRFGRRNSMLIVNLLAVTGGCFMGLCKVA---------------K 115

sp|P11166|GTR1_HUMAN SVGGMIGSFSVGLFVNRFGRRNSMLMMNLLAFVSAVLMGFSKLG---------------K 117

sp|P14672|GLUT4_HUMAN SVGGMISSFLIGIISQWLGRKRAMLVNNVLAVLGGSLMGLANAA---------------A 133

sp|P0AGF4|XYLE_ECOLI LIGCIIGGALGGYCSNRFGRRDSLKIAAVLFFISGVGSAWPELGFTSINPDNTVPVYLAG 124

sp|A0A0H2VG78|GLCP_STAES LIGAIVGAGSSGPLADKLGRRRLVMLIAIVFIIGALILA----------A--------ST 93

:. : . . ** : : . . .

sp|Q7KWJ5|HXT1_PLAF7 HFHTILFARLLSGFGIGLVTVSVPMYISEMTHKDKKGAYGVMHQLFITFGIFVAVMLGLA 185

sp|Q9LT15|STP10_ARATH NVSMLIIGRLLLGVGVGFANQSTPVYLSEMAPAKIRGALNIGFQMAITIGILVANLINYG 193

sp|P11168|GTR2_HUMAN SHILIIAGRSISGLYCGLISGLVPMYIGEIAPTALRGALGTFHQLAIVTGILISQIIGLE 209

sp|P11169|GTR3_HUMAN SVEMLILGRLVIGLFCGLCTGFVPMYIGEISPTALRGAFGTLNQLGIVVGILVAQIFGLE 175

sp|P11166|GTR1_HUMAN SFEMLILGRFIIGVYCGLTTGFVPMYVGEVSPTALRGALGTLHQLGIVVGILIAQVFGLD 177

sp|P14672|GLUT4_HUMAN SYEMLILGRFLIGAYSGLTSGLVPMYVGEIAPTHLRGALGTLNQLAIVIGILIAQVLGLE 193

sp|P0AGF4|XYLE_ECOLI YVPEFVIYRIIGGIGVGLASMLSPMYIAELAPAHIRGKLVSFNQFAIIFGQLLVYCVNYF 184

sp|A0A0H2VG78|GLCP_STAES NLALLIIGRLIIGLAVGGSMSTVPVYLSEMAPTEYRGSLGSLNQLMITIGILAAYLVNYA 153

:: * : * * *:*:.*:: :* *: * * : ..

B

sp|Q7KWJ5|HXT1_PLAF7 MGEGPKADSTEPLTSFAKLWWRLMFLFPSVISLIGILALVVFFKEETPYFLFEKGRIE-E 244

sp|Q9LT15|STP10_ARATH TS------------KMAQHGWRVSLGLAAVPAVV--MVIGSFILPDTPNSMLERGKNE-E 238

sp|P11168|GTR2_HUMAN FI------------LGNYDLWHILLGLSGVRAIL--QSLLLFFCPESPRYLYIKLDEEVK 255

sp|P11169|GTR3_HUMAN FI------------LGSEELWPLLLGFTILPAIL--QSAALPFCPESPRFLLINRKEEEN 221

sp|P11166|GTR1_HUMAN SI------------MGNKDLWPLLLSIIFIPALL--QCIVLPFCPESPRFLLINRNEENR 223

sp|P14672|GLUT4_HUMAN SL------------LGTASLWPLLLGLTVLPALL--QLVLLPFCPESPRYLYIIQNLEGP 239

sp|P0AGF4|XYLE_ECOLI IARSGDAS------WLNTDGWRYMFASECIPALL--FLMLLYTVPESPRWLMSRGKQE-Q 235

sp|A0A0H2VG78|GLCP_STAES F--------------ADIEGWRWMLGLAVVPSVI--LLVGIYFMPESPRWLLENRNEE-A 196

* : : ::: ::* : *

sp|Q7KWJ5|HXT1_PLAF7 SKNILKKIYETDNVDEPLNAIKEAVEQNESAKKNSLSLLSALKIPSYRYVIILGCLLSGL 304

sp|Q9LT15|STP10_ARATH AKQMLKKIRGADNVDHEFQDLIDAVEAAKKVEN--P--WKNIMESKYRPALIFCSAIPFF 294

sp|P11168|GTR2_HUMAN AKQSLKRLRGYDDVTKDINEMRKEREEASSEQK--VSIIQLFTNSSYRQPILVALMLHVA 313

sp|P11169|GTR3_HUMAN AKQILQRLWGTQDVSQDIQEMKDESARMSQEKQ--VTVLELFRVSSYRQPIIISIVLQLS 279

sp|P11166|GTR1_HUMAN AKSVLKKLRGTADVTHDLQEMKEESRQMMREKK--VTILELFRSPAYRQPILIAVVLQLS 281

sp|P14672|GLUT4_HUMAN ARKSLKRLTGWADVSGVLAELKDEKRKLERERP--LSLLQLLGSRTHRQPLIIAVVLQLS 297

sp|P0AGF4|XYLE_ECOLI AEGILRKIMGNTLATQAVQEIKHSLDHGRKTGG--R--LL----MFGVGVIVIGVMLSIF 287

sp|A0A0H2VG78|GLCP_STAES ARQVMKITYDDSEIDKELKEMKEINAISESTWT--VI-KS----PWLGRILIVGCIFAIF 249

:. :: . : . ::. :

sp|Q7KWJ5|HXT1_PLAF7 QQFTGINVLVSNSNELYKEFLDSHLITIL-SVVMTAVNFLMTFPAIYIVEKLGRKTLLLW 363

sp|Q9LT15|STP10_ARATH QQITGINVIMFYAPVLFKTLGFGDDAALMSAVITGVVNMLSTFVSIYAVDRYGRRLLFLE 354

sp|P11168|GTR2_HUMAN QQFSGINGIFYYSTSIFQTAGISKP--VYATIGVGAVNMVFTAVSVFLVEKAGRRSLFLI 371

sp|P11169|GTR3_HUMAN QQLSGINAVFYYSTGIFKDAGVQEP--IYATIGAGVVNTIFTVVSLFLVERAGRRTLHMI 337

sp|P11166|GTR1_HUMAN QQLSGINAVFYYSTSIFEKAGVQQP--VYATIGSGIVNTAFTVVSLFVVERAGRRTLHLI 339

sp|P14672|GLUT4_HUMAN QQLSGINAVFYYSTSIFETAGVGQP--AYATIGAGVVNTVFTLVSVLLVERAGRRTLHLL 355

sp|P0AGF4|XYLE_ECOLI QQFVGINVVLYYAPEVFKTLGASTDIALLQTIIVGVINLTFTVLAIMTVDKFGRKPLQII 347

sp|A0A0H2VG78|GLCP_STAES QQFIGINAVIFYSSSIFAKAGLGEAASILGSVGIGTINVLVTIVAIFVVDKIDRKKLLVG 309

**: *** :. : :: :: :* * :: *:: .*: * :

BB B B

sp|Q7KWJ5|HXT1_PLAF7 GCVGVLVAYLPTAIANEINRNSNF-------VKILSIVATFVMIISFAVSYGPVLWIYLH 416

sp|Q9LT15|STP10_ARATH GGIQMFICQLLVGSFIGARFGTSGTGTLTPATADWILAFICVYVAGFAWSWGPLGWLVPS 414

sp|P11168|GTR2_HUMAN GMSGMFVCAIFMSVGLVLLNKFSW-------MSYVSMIAIFLFVSFFEIGPGPIPWFMVA 424

sp|P11169|GTR3_HUMAN GLGGMAFCSTLMTVSLLLKDNYNG-------MSFVCIGAILVFVAFFEIGPGPIPWFIVA 390

sp|P11166|GTR1_HUMAN GLAGMAGCAILMTIALALLEQLPW-------MSYLSIVAIFGFVAFFEVGPGPIPWFIVA 392

sp|P14672|GLUT4_HUMAN GLAGMCGCAILMTVALLLLERVPA-------MSYVSIVAIFGFVAFFEIGPGPIPWFIVA 408

sp|P0AGF4|XYLE_ECOLI GALGMAIGMFSLGTAFYT-QA----------PGIVALLSMLFYVAAFAMSWGPVCWVLLS 396

sp|A0A0H2VG78|GLCP_STAES GNIGMIASLLIMAILIWT-IGIAS-------SAWIIIVCLSLFIVFFGISWGPVLWVMLP 361

* : : : * . **: *.

B B

sp|Q7KWJ5|HXT1_PLAF7 EMFPSEIKDSAASLASLVNWVCAIIVVFPSDIII-------KKSPSILFIVFSVMSILTF 469

sp|Q9LT15|STP10_ARATH EICPLEIRPAGQAINVSVNMFFTFLIGQFFLTML-------CHMKFGLFYFFASMVAIMT 467

sp|P11168|GTR2_HUMAN EFFSQGPRPAALAIAAFSNWTCNFIVALCFQYIA-------DFCGPYVFFLFAGVLLAFT 477

sp|P11169|GTR3_HUMAN ELFSQGPRPAAMAVAGCSNWTSNFLVGLLFPSAA-------HYLGAYVFIIFTGFLITFL 443

sp|P11166|GTR1_HUMAN ELFSQGPRPAAIAVAGFSNWTSNFIVGMCFQYVE-------QLCGPYVFIIFTVLLVLFF 445

sp|P14672|GLUT4_HUMAN ELFSQGPRPAAMAVAGFSNWTSNFIIGMGFQYVA-------EAMGPYVFLLFAVLLLGFF 461

sp|P0AGF4|XYLE_ECOLI EIFPNAIRGKALAIAVAAQWLANYFVSWTFPMMDKNSWLVAHFHNGFSYWIYGCMGVLAA 456

sp|A0A0H2VG78|GLCP_STAES ELFPMRARGAATGISALVLNIGTLIVSLFFPILSD------ALSTEWVFLIFAFIGVLAM 415

*: : . .: :: : .: .

B

sp|Q7KWJ5|HXT1_PLAF7 FFIFFFIKETKGGEIGTSPYITMEERQKHM-TKS--VV--------------- 504

sp|Q9LT15|STP10_ARATH VFIYFLLPETKGVPIEEMGRVWKQHWFWKKYIPE-----DAIIGGHDDNNTN- 514

sp|P11168|GTR2_HUMAN LFTFFKVPETKGKSFEEIAAEFQKKSGSAHRPKA--AVEMKFLGATETV---- 524

sp|P11169|GTR3_HUMAN AFTFFKVPETRGRTFEDITRAFEGQAHGADRSGKDGVMEMNSIEPAKETTTNV 496

sp|P11166|GTR1_HUMAN IFTYFKVPETKGRTFDEIASGFRQGGASQS-DKTP-EELFHPLGADSQV---- 492

sp|P14672|GLUT4_HUMAN IFTFLRVPETRGRTFDQISAAFHRTPSLLEQEVKP-STELEYLGPDEND---- 509

sp|P0AGF4|XYLE_ECOLI LFMWKFVPETKGKTLEELEALWEPETKKTQQTATL------------------ 491

sp|A0A0H2VG78|GLCP_STAES IFVIKFLPETRGRSLEEIEYELRERTGARTE---------------------- 446

* : **:* :

Figure A.3: Multiple sequence alignment (MSA) of human GLUT1-4 and homologues from
A. thaliana, E. coli, P. falciparum and S. epidermidis (P11166, P11168, P11169, P14672,
Q9LT15, P0AGF4, Q7KWJ5 and A0A0H2VG78, respectively). The MSA was created using
Clustal Omega [69] version 1.2.4 on UniprotKB version 2025 01. Known substrate binding
sites in human GLUT3 are marked with the letter B. Conservation is shown with the symbols
”*”, ”:” and ”.” for full, strong and weak conservation, respectively.



207

sp|P11169|GTR3_HUMAN MGTQKVTPALIFAITVATIGSFQFGYNTGVINAPEKIIKEFINKTLTDKGNAPPSEVLLT 60
sp|P32037|GTR3_MOUSE MGTTKVTPSLVFAVTVATIGSFQFGYNTGVINAPETILKDFLNYTLEERLEDLPSEGLLT 60

*** ****:*:**:*********************.*:*:*:* ** :: : *** ***

sp|P11169|GTR3_HUMAN SLWSLSVAIFSVGGMIGSFSVGLFVNRFGRRNSMLIVNLLAVTGGCFMGLCKVAKSVEML 120
sp|P32037|GTR3_MOUSE ALWSLCVAIFSVGGMIGSFSVGLFVNRFGRRNSMLLVNLLAIIAGCLMGFAKIAESVEML 120

:****.*****************************:*****: .**:**:.*:*:*****

sp|P11169|GTR3_HUMAN ILGRLVIGLFCGLCTGFVPMYIGEISPTALRGAFGTLNQLGIVVGILVAQIFGLEFILGS 180
sp|P32037|GTR3_MOUSE ILGRLLIGIFCGLCTGFVPMYIGEVSPTALRGAFGTLNQLGIVVGILVAQIFGLDFILGS 180

*****:**:***************:*****************************:*****

sp|P11169|GTR3_HUMAN EELWPLLLGFTILPAILQSAALPFCPESPRFLLINRKEEENAKQILQRLWGTQDVSQDIQ 240
sp|P32037|GTR3_MOUSE EELWPGLLGLTIIPAILQSAALPFCPESPRFLLINKKEEDQATEILQRLWGTSDVVQEIQ 240

***** ***:**:**********************:***::*.:********.** *:**

sp|P11169|GTR3_HUMAN EMKDESARMSQEKQVTVLELFRVSSYRQPIIISIVLQLSQQLSGINAVFYYSTGIFKDAG 300
sp|P32037|GTR3_MOUSE EMKDESVRMSQEKQVTVLELFRSPNYVQPLLISIVLQLSQQLSGINAVFYYSTGIFKDAG 300

******.*************** .* **::*****************************

sp|P11169|GTR3_HUMAN VQEPIYATIGAGVVNTIFTVVSLFLVERAGRRTLHMIGLGGMAFCSTLMTVSLLLKDNYN 360
sp|P32037|GTR3_MOUSE VQEPIYATIGAGVVNTIFTVVSLFLVERAGRRTLHMIGLGGMAVCSVFMTISLLLKDDYE 360

*******************************************.**.:**:******:*:

sp|P11169|GTR3_HUMAN GMSFVCIGAILVFVAFFEIGPGPIPWFIVAELFSQGPRPAAMAVAGCSNWTSNFLVGLLF 420
sp|P32037|GTR3_MOUSE AMSFVCIVAILIYVAFFEIGPGPIPWFIVAELFSQGPRPAAIAVAGCCNWTSNFLVGMLF 420

.****** ***::****************************:*****.*********:**

sp|P11169|GTR3_HUMAN PSAAHYLGAYVFIIFTGFLITFLAFTFFKVPETRGRTFEDITRAFEGQAHGADRSGKDGV 480
sp|P32037|GTR3_MOUSE PSAAAYLGAYVFIIFAAFLIFFLIFTFFKVPETKGRTFEDIARAFEGQAHSGKGPA---G 477

**** **********:.*** ** *********:*******:********... .

sp|P11169|GTR3_HUMAN MEMNSIEPAKETTTNV 496
sp|P32037|GTR3_MOUSE VELNSMQPVKETPGNA 493

:*:**::*.*** *.

Figure A.4: Pairwise sequence alignment between GLUT3 from human (P11169) and mouse
(P32037, mus musculus). Created with sequence data from UniprotKB version 2025 01; the
alignment was calculated with Clustal Omega [69] version 1.2.4. The symbols underneath
show the conservation, with ”*” for identical positions, ”:” for very similar amino acids (strong
conservation), ”.” for weakly conserved positions, and a blank space for dissimilar amino acids,
as well as for insertions and deletions.
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Figure A.5: Nine SVMs with radial basis function (RBF) kernel, with three different values
for each of the two regularization parameters γ and C. Otherwise, the models are identical.
They were all trained on the same moons dataset, which is not linearly separable in R2. The
background color changes its hue whenever the decision function reaches the next integer.
Negative values of the decision function, as well as the negative class, are colored in red.
The margin-defining hyperplanes, located at the point where the decision function f reaches
1 and -1, are marked with dashed lines, while the decision-making hyperplane is marked by
a straight line. The dataset was split into a training and a test set, in a stratified fashion,
meaning that the original fractions of positive and negative samples were kept in each subset.
Both the training and the test data was standardized with a z-score, which was derived from
the mean and standard deviation of the test set. Samples from the test set are shown in
brighter colors, while training samples are colored in a darker shade. The accuracy score of
the classifier on the test set is written in the bottom-right of each plot. Lower values of C
can reduce overfitting by allowing more samples to enter the margin, while smaller values of
gamma regularize the model by limiting the influence of each individual sample on the decision
function, which leads to a smoother decision boundary [325]. Low values of each parameter
can lead to problems with under-fitting, which can be seen especially in the top row, while the
overfitting models in the bottom row are caused by a high γ-value. Dataset creation, machine
learning and visualization were carried out with scikit-learn [56] and matplotlib [52].
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B.1 Code and raw data

The raw data, along with all the code that was implemented, is available for
download at https://github.com/adenger/subpred3.

B.2 Uniprot Keywords

Substrate keywords

Ion transport, Anion exchange, Protein transport, Sodium/potassium transport,
Polysaccharide transport, Bacteriocin transport, Peptide transport, Transloca-
tion, Bacterial flagellum protein export, Amino-acid transport, Electron trans-
port, Lipid transport, mRNA transport, Neurotransmitter transport, Oxygen
transport, Phosphate transport, Ammonia transport, Phosphonate transport,
Viral movement protein, Sulfate transport, Sugar transport, Calcium trans-
port, Cobalt transport, Copper transport, Hydrogen ion transport, Iron trans-
port, Zinc transport, Nickel transport, Potassium transport, Sodium transport,
Chloride

Location keywords

Membrane, Cell membrane, Cell inner membrane, Cell outer membrane, Trans-
membrane, Nucleus, Mitochondrion, Endoplasmic reticulum, Plastid outer mem-
brane, Plastid inner membrane, Mitochondrion outer membrane, Mitochondrion
inner membrane, Postsynaptic cell membrane

Other transport-related keywords

Antibiotic resistance, Transport, Symport, Antiport, ER-Golgi transport, Ion
channel, Calcium channel, Potassium channel, Chloride channel, Sodium chan-
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nel, Viral ion channel, Voltage-gated channel, Ligand-gated ion channel, Porin,
Nuclear pore complex, Respiratory chain



Appendix C

Supplementary Material for
Chapter 4

C.1 Code and raw data

The raw data, along with all the code that was implemented, is available for
download at https://github.com/adenger/subpred4.

C.2 Steps in the algorithm pipeline

Input

• Transport protein dataset and corresponding GO annotation data created
with the transporter dataset creation pipeline described in Section 4.3.2

• Ontology graph for the annotation data in OBO format, created by the
preprocessing pipeline (see Section 4.3.1)

Parameters

• n GO terms annotated with fewer than n proteins in the dataset are
removed. (Default: 20)

• m GO terms annotated with fewer than m unique proteins are removed,
i.e. proteins that are only annotated with one of the GO terms in a binary
classification task, not both. (Default: 15)

• p The top pth percentile of GO terms according to the distribution of
annotated samples is removed (see Section 4.3.4). (Default: 0)

• c The minimum allowed coverage of the resulting set of GO terms, i.e. the
percentage of proteins in the original protein dataset that are annotated
with a GO term from the optimized subset. (Default: 0.9)

• a Whether to prefer abstract or specific GO terms. Higher specificity is
defined as increased distance to root node. (Default: specific)

211

https://github.com/adenger/subpred4


212 APPENDIX C. SUPPLEMENTARY MATERIAL FOR CHAPTER 4

• ϵ Reduces the influence of rounding errors and local minima on the algo-
rithm, by allowing the optimization to consider GO terms that are within
ϵ of the best score during the iteration. Scores are in the interval [0, 1],
therefore values of ϵ <= 0.05 are recommended. (Default: 0.0)

Steps

1. Create a starting set of GO terms to optimize from the provided proteins
and their annotations.

2. Filter the GO terms in the set, as well as the corresponding ontology
graph, according to parameters n, m and p.

3. Train and evaluate pairwise binary ML models for GO terms, as described
in Section 4.3.3.5

4. For each GO term calculate:

(a) Coverage loss: The percentage of protein that would be annotated if
the GO term was removed from the current set.

(b) Score delta: The average ML evaluation score across all pairwise
models, if the GO term was removed from the current set.

5. Removal candidates: Select all GO terms that can be removed without
the coverage falling below c.

6. Sort removal candidates by score delta, select those with the highest im-
provement in average F1 score when removed, while also considering those
that are within ϵ of the maximum score.

7. End condition: If the list of removal candidates is empty then return the
optimized list of GO terms.

8. If the list of removal candidates contains more than one GO term:

(a) Select either the most specific or most abstract term(s), depending
on parameter a.

(b) If the list of removal candidates still contains more than one GO
term, draw one of them using deterministic random sampling.

9. Remove the selected GO term from the set, go back to step 4 and repeat
the process with the smaller subset.

C.3 Parameters of the transporter dataset pipe-
line

Manually curated proteins Proteins that have not been manually curated
(i.e. those available in TrEMBL but not in SwissProt) can be removed from the
dataset.

Sequence evidence Proteins with experimental sequence evidence at tran-
script level but not at protein level can be added to the dataset. Predicted
sequences are removed during pre-processing, and are not available for the
pipeline.
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GO evidence GO annotations can be filtered for their evidence codes, e.g. to
remove electronically inferred information that has not been manually reviewed.
Annotations with the NOT prefix, which denotes that a protein is explicitly
not annotated with a particular GO term, are already removed during pre-
processing.

Organisms Proteins can be filtered for a subset of taxonomy identifiers, for
example “9606” for human.

External proteins Proteins that do not occur in the provided organisms can
be added to the dataset, e.g. to simulate experiments where proteins from one
organism are expressed in another one.

Gene names available The 671,750 proteins without any annotated gene
names can be removed from the dataset, for example if the data needs to be
linked to genetics- or transcriptomics datasets.

GO subset A sub-tree of GO can be selected by providing a new root node.
Further filtering can be applied to the GO subset, for example for the aspect
(i.e. molecular function, cellular component, biological process) and for a subset
of edge annotations (relationships) between GO terms (e.g. is a). All GO terms
that are not descendants of the new root node, according to the filtered subset
of edge annotations, are then removed from the graph. Only proteins annotated
with this subset of GO terms remain in the dataset.

ChEBI quality ChEBI terms can optionally be filtered by their star rating
system, e.g. for those that have been manually verified.

Cellular component Optionally, a subset of cellular component annotations
can be created, which then get filtered for those with the located in or is active in
qualifiers, and only is a relations between GO terms are kept. Proteins are also
annotated with the ancestor GO terms of their cellular components. The sub-
set of transport proteins that are located in a particular set of compartments,
such as plasma membrane, mitochondrion or eisosome, can then be selected for
further analysis.
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Proteins
Four organisms Uniprot

Swissprot reviewed Known gene GO evidence Protein evidence Cluster thresh.[%]

True True experiment protein level 50 1313 1331
70 1602 1852
90 1779 2678
100 1892 3919
None 1915 4022

transcript level 50 270 449
70 384 808
90 487 1385
100 521 2092
None 532 2147

computational protein level 50 1185 1649
70 1492 2391
90 1664 3415
100 1793 4824
None 1821 4990

transcript level 50 280 585
70 426 1087
90 554 1880
100 592 2868
None 607 2989

False True experiment protein level 50 24 392
70 26 573
90 31 841
100 34 1279
None 34 1374

transcript level 50 1 430
70 2 813
90 3 1424
100 6 2344
None 7 2538

computational protein level 50 188 905
70 262 1426
90 456 2211
100 1080 4373
None 1294 5016

transcript level 50 44 3263
70 65 6228
90 119 11625
100 538 24217
None 789 27705

False experiment transcript level 50 1 18
70 1 37
90 1 81
100 2 116
None 3 117

computational protein level 50 1 19
70 1 30
90 5 58
100 9 181
None 9 185

transcript level 50 61 3820
70 77 7133
90 145 12032
100 648 19559
None 751 21208

Table C.1: Number of unique proteins in the transmembrane transporter dataset, after fil-
tering for criteria related to data quality. The proteins were filtered for those annotated with
the transmembrane transporter activity GO term. Sequence clustering was carried out with
cd-hit [317].
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Transporter GO terms
Four organisms Uniprot

Swissprot reviewed Known gene GO evidence Protein evidence Cluster thresh.[%]

True True experiment protein level 50 650 581
70 679 639
90 693 711
100 702 746
None 705 747

transcript level 50 268 349
70 300 420
90 314 480
100 319 540
None 322 542

computational protein level 50 449 390
70 492 462
90 499 546
100 509 616
None 509 617

transcript level 50 166 232
70 189 282
90 197 337
100 203 440
None 205 443

False True experiment protein level 50 62 299
70 64 320
90 67 347
100 70 388
None 70 389

transcript level 50 17 261
70 19 336
90 22 372
100 30 397
None 43 400

computational protein level 50 157 261
70 176 299
90 188 360
100 207 441
None 213 447

transcript level 50 98 254
70 101 311
90 112 373
100 147 502
None 195 520

False experiment transcript level 50 8 56
70 8 90
90 8 131
100 8 153
None 23 153

computational protein level 50 5 32
70 5 41
90 28 64
100 28 80
None 28 80

transcript level 50 118 215
70 119 247
90 123 277
100 186 302
None 196 306

Table C.2: Number of unique GO terms in the transmembrane transporter dataset, after
filtering for criteria related to data quality. The proteins were filtered for those annotated
with the transmembrane transporter activity GO term. Sequence clustering was carried out
with cd-hit [317].
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min mean median max sdev

Clustering Dataset Method

None train None 0.11 0.86 0.90 0.99 0.14

ANOVA 0.41 0.88 0.91 1.00 0.11

PCA 0.37 0.87 0.90 1.00 0.10

test None 0.15 0.87 0.91 0.99 0.13

ANOVA 0.37 0.88 0.90 1.00 0.11

PCA 0.23 0.87 0.90 1.00 0.12

70% train None 0.12 0.83 0.87 0.99 0.14

ANOVA 0.45 0.85 0.88 0.99 0.11

PCA 0.38 0.84 0.87 0.97 0.11

test None 0.13 0.84 0.88 0.98 0.14

ANOVA 0.42 0.84 0.87 0.98 0.11

PCA 0.26 0.84 0.87 0.98 0.11

Table C.3: F1 scores for different machine learning models that were trained on pairs of GO
terms and their associated proteins, optionally with 70% sequence clustering, for the yeast
dataset. The goal was to remove the worst-performing GO terms with the clustering pipeline
described in Section 4.3.4. ANOVA and PCA refer to two different types methods that were
used to reduce the number of feature dimensions (see Section 4.3.3.5)
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Figure C.1: Median F1 scores between pairs of GO terms for the meta-organism dataset,
when not removing the top 5th percentile of GO terms according to sample count.

Figure C.2: Final subset sizes for the meta-organism dataset after applying the pipeline,
when not removing the top 5th percentile of GO terms according to sample count.
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Figure C.3: Number of GO terms with no available F1 scores for the meta-organism dataset,
when not removing the top 5th percentile of GO terms according to sample count.

Figure C.4: Heatmap showing the fraction of proteins annotated with GO term 1 that are
also annotated with GO term 2, for all pairs of GO terms in the optimized subset for the
meta-organism dataset, but without removing the top 5th percentile of GO terms.
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Figure C.5: Heatmap showing of the fraction of proteins annotated with GO term 1 that
is also annotated with GO term 2, for all pairs of GO terms in the optimized subset for the
meta-organism dataset, when removing the top 5th percentile of GO terms. Here, the coverage
threshold was reduced to 67, and m was set to 20.

Figure C.6: Number of GO term pairs in the yeast dataset without evaluation scores available,
at different protein coverage thresholds and for four different values of m. ML models are only
available for pairs that are distinct enough, meaning that each term has at least m proteins
available for training that are not also annotated with the respective other term.
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Figure C.7: Median F1 scores between pairs of GO terms in the yeast dataset, at different
protein coverage thresholds, using four different evaluation matrices that were created with
different values of m, i.e. the threshold for how few unique samples are allowed per class during
training.

Figure C.8: Heatmap showing the fraction of yeast dataset proteins annotated with GO term
1 that are also annotated with GO term 2, for all pairs of GO terms in the optimized subset.
Removal of any term would cause the protein coverage to fall below the specified 98%.
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Feature Balanced Accuracy F1 Amino Acid F1 Sugar

DUMMY 0.463 ± 0.122 0.393 ± 0.171 0.509 ± 0.118

AAC 0.711 ± 0.159 0.705 ± 0.152 0.700 ± 0.202

PAAC 0.892 ± 0.087 0.893 ± 0.086 0.881 ± 0.099

AA-KMER3 0.883 ± 0.082 0.883 ± 0.080 0.870 ± 0.099

MULTI-PSSM 0.816 ± 0.122 0.815 ± 0.118 0.799 ± 0.153

META 0.818 ± 0.134 0.813 ± 0.139 0.808 ± 0.153

META-STD 0.869 ± 0.125 0.866 ± 0.129 0.864 ± 0.128

COMB-KMER1 0.897 ± 0.082 0.894 ± 0.084 0.894 ± 0.088

COMB-KMER2 0.907 ± 0.079 0.908 ± 0.076 0.898 ± 0.092

COMB-KMER3 0.947 ± 0.072 0.947 ± 0.072 0.942 ± 0.078

PROTT5-AA 0.910 ± 0.058 0.900 ± 0.070 0.917 ± 0.049

PROSTT5-AA 0.913 ± 0.079 0.902 ± 0.102 0.921 ± 0.064

PROSTT5-3Di 0.909 ± 0.074 0.899 ± 0.087 0.917 ± 0.067

3Di-COMP 0.929 ± 0.106 0.917 ± 0.127 0.936 ± 0.091

3Di-KMER2 0.971 ± 0.044 0.969 ± 0.046 0.970 ± 0.045

3Di-KMER3 0.920 ± 0.054 0.916 ± 0.058 0.920 ± 0.055

Table D.1: Evaluation results for each feature after a nested cross-validation that was re-
peated five times on shuffled data. For each split, an SVM model was trained to distinguish
between sugar- amino acid transporters in A. thaliana. The scores represent the mean and
standard deviation of the independent test sets, across all 25 splits. The underlying protein
dataset was automatically generated from Uniprot and annotated with GO terms, in a way
that relies on experimental data as much as possible, while filtering out predicted annotations
and proteins. The best mean and standard deviation for each column is underlined.
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Figure D.1: Evaluation results for an SVM model that can distinguish sugar- from amino
acid transporters in A. thaliana, after automatic outlier removal. This plot visualizes the
distribution of F1 scores for each class, after five shuffled repetitions of a nested 5-fold cross-
validation. Each box represents the 25th to 75th percentile, the line in the box is the median,
and the length of the whiskers is limited to 1.5 times the distance between the 25th and 75th
percentile. Scores outside of that range are shown dots, and classified as outliers. In contrast
to Figure 5.1, an automatic outlier detection method has previously been applied to the data,
in order to find and remove biological edge cases, and potential errors in the data. As in
Figure 5.1, the 3Di-KMER2 feature delivered the best-performing model. The classification
performance of all three embeddings was improved by the outlier removal. The consistency
of evaluation scores was also improved, with lower standard deviations for several features.
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Feature Balanced Accuracy F1 Amino Acid F1 Sugar

DUMMY 0.480 ± 0.136 0.354 ± 0.232 0.534 ± 0.156

AAC 0.766 ± 0.116 0.731 ± 0.139 0.770 ± 0.147

PAAC 0.881 ± 0.105 0.864 ± 0.134 0.879 ± 0.095

AA-KMER3 0.770 ± 0.133 0.774 ± 0.126 0.727 ± 0.171

MULTI-PSSM 0.842 ± 0.138 0.812 ± 0.173 0.847 ± 0.133

META 0.810 ± 0.154 0.783 ± 0.181 0.813 ± 0.153

META-STD 0.869 ± 0.135 0.844 ± 0.176 0.876 ± 0.126

COMB-KMER1 0.951 ± 0.080 0.945 ± 0.091 0.951 ± 0.086

COMB-KMER2 0.938 ± 0.083 0.934 ± 0.086 0.933 ± 0.092

COMB-KMER3 0.914 ± 0.088 0.906 ± 0.097 0.917 ± 0.086

PROTT5-AA 0.921 ± 0.073 0.910 ± 0.092 0.938 ± 0.051

PROSTT5-AA 0.948 ± 0.060 0.942 ± 0.069 0.954 ± 0.052

PROSTT5-3Di 0.949 ± 0.055 0.942 ± 0.062 0.959 ± 0.044

3Di-COMP 0.934 ± 0.098 0.915 ± 0.140 0.954 ± 0.065

3Di-KMER2 0.967 ± 0.046 0.961 ± 0.054 0.968 ± 0.044

3Di-KMER3 0.899 ± 0.078 0.891 ± 0.088 0.912 ± 0.073

Table D.2: Evaluation results for each feature, after a nested cross-validation that was re-
peated five times on shuffled data. For each split, a SVM model was trained to distinguish
between sugar and amino acid transporters in A. thaliana. The scores represent the means
and standard deviations of the independent test sets across all 25 splits. The underlying pro-
tein dataset was automatically generated from Uniprot and annotated with GO terms, in a
way that relies on experimental data as much as possible, while filtering out predicted anno-
tations and proteins. In contrast to Table D.1, an outlier prediction pipeline was applied to
the dataset before the evaluation, which removed three proteins. The best mean and standard
deviation for each column is underlined.
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Feature Name Data Source Type Dimension

DUMMY numpy.random Unif. random values 1024

AAC Amino acid sequence 1-mer frequencies 20

PAAC Amino acid sequence 2-mer frequencies 400

AA-KMER3 Amino acid sequence 3-mer frequencies 8000

PSSM-50-1 PSIBLAST (Uniref50, 1 iteration) Evol. information 400

PSSM-50-3 PSIBLAST (Uniref50, 3 iterations) Evol. information 400

PSSM-90-1 PSIBLAST (Uniref90, 1 iteration) Evol. information 400

PSSM-90-3 PSIBLAST (Uniref90, 3 iterations) Evol. information 400

MULTI-PSSM PSIBLAST (Four PSSMs) Evol. information 1600

META AAC + PAAC + MULTI-PSSM Combined 2020

META-STD META, standardized samples Fingerprint 2020

3Di-COMP 3Di sequence 1-mer frequencies 20

3Di-KMER2 3Di sequence 2-mer frequencies 400

3Di-KMER3 3Di sequence 3-mer frequencies 8000

COMB-KMER1 AAC + 3Di-COMP 1-mer frequencies 40

COMB-KMER2 PAAC + 3Di-KMER2 2-mer frequencies 800

COMB-KMER3 AA-KMER3 + 3Di-KMER3 3-mer frequencies 1600

PROTT5-AA Amino acid sequence pLM embedding 1024

PROSTT5-AA Amino acid sequence pLM embedding 1024

PROSTT5-3Di 3Di sequence pLM embedding 1024

Table D.3: Overview of machine learning features, along with their input data, the type of
information they contain, and feature vector dimensions. Amino acid sequences were retrieved
from Uniprot and used to calculate k-mer frequencies as well as PSSMs. The PSSM feature
contains evolutionary exchange likelihoods for all 20 amino acid types found in protein se-
quences, calculated individually for each protein. The Multi-PSSM feature is then created by
concatenating the four PSSM features into one vector. 3Di sequences were calculated with
FoldSeek on predicted protein structures retrieved from AlphaFoldDB. In the COMB features,
k-mers derived from the amino acid sequence and predicted 3D structure are combined. The
protein language model (pLM) embeddings were mean-pooled along the sequence in order to
turn them into per-protein embeddings. The non-informative DUMMY feature contains ran-
dom values drawn from a uniform random distribution, and is used to estimate the additional
information that is provided by each of the real features calculated from protein data.
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