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ABSTRACT

ATP-binding cassette (ABC) transporters move substrates through biological membranes by
cycling through inward-facing (IF) and outward-facing (OF) conformations, powered by ATP
hydrolysis without protein phosphorylation. While the general principles of their mechanism
are known, precise residue level characterization is still incomplete. Low number of experi-
mental structure models, covering only a fraction of the protein-conformation space, makes
in silico study of ABC transport mechanism a difficult task.

Recently a coevolution-powered machine learning method of finding conformation specific
residue contacts in transporters of the sugar porter was developed by (Mitrovic et al., 2023).
The method relies on coevolutionary filtering of protein contact maps, and convolutional
neural network classifier coupled with layerwise relevance propagation, to assign per confor-
mation importance to contact map positions.

This work attempts to extend their approach to the G subfamily of ABC transporters, with the
aspirational goal of applying identified state specific contactsfor in silico studies of Medicago
truncatula ABCG46 computer predicted structure. Specifics of the data and studied system
made a direct reproduction impossible, leading to development of a modified method based
on using linear kernel support vector machine classifier (LinearSVC) coefficients for assigning
feature importance.

Poor classification performance and high coefficient instability make the utility of this modi-
fied approach inconclusive.

I discuss aspects of ABCG biology and available data we believe are the most problematic, and
propose technical improvements for future reference.
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1. INTRODUCTION

1.1. BIOLOGICAL BACKGROUND

ATP Binding Cassette transporters (ABC transporters) is a superfamily of ubiquitous trans-
membrane transporters Figure 1, that includes both uptake and efflux systems (Thomas
et al., 2020). ABCs function as active transporters using ATP hydrolysis without protein
phosphorylation as energy source Equation 1 (Thomas et al., 2020).

Upon binding of ATP molecules to nucleotide binding domains (NBDs), ABC exporters
undergo a conformational transition from an inward facing (IF) to an outward facing (OF)
state via chemo-mechanical coupling. The ATP binding energy is converted into distortion
energy of several transmembrane helices (Hayashi et al., 2014), (Arai et al., 2017).

Substrate (side A) 4+ IF 4+ 2ATP — Substrate (side B) + OF + 2ADP + 2P, 1.

All ABC transporters share a common architecture consisting of 2 highly conserved
nucleotide-binding domains (NBDs) and 2 family specific transmembrane domains (TMDs)
which are the basis for modern ABC classification (Alam & Locher, 2023; Thomas et al.,
2020). ABC architecture can be divided into two broad classes: half-size transporters, where
a functional system is a homo- or heterodimer of two subunits with one NBD and TMD each
(eg. human ABCG2 homodimer or human ABCG5/G8 heterodimer) (Xin et al., 2024), or full-
size transporters, where a single chain roughly double the length of a half-size monomer
folds into a full system with two NBDs and two TMDS (eg. S. cerevisiae Pdr5 or A. thaliana
ABCG40) (Harris et al., 2021). A functional ABC has an approximate two-fold rotational
symmetry along the axis perpendicular to the membrane, but transport mechanism is often
asymmetric, even in homodimer systems (Aittoniemi et al., 2010), (Locher, 2016), (Jones
& George, 2023).

1.1.1. THE G FAMILY (ABCG)

Subject of this study is the G subfamily of ABC transporters, which is classified as type V
transporter by (Thomas et al., 2020), and is one of the two families with highest number of
experimental structures (50+) (Lomize et al., 2011).

ABCGs are particularly numerous in plants Table 1. It’s proposed that their evolution enabled
transport of compounds critical to plant terrestrial lifestyle, including: phytohormones, lignin
precursors and hydrophobic compounds for coating leaf surface (Do et al., 2018), (Hwang
et al,, 2016).

In humans only five ABCGs are known: G1, G2, G4, G5, G8 (Vasiliou et al., 2008), (Almén
et al., 2009).

10.



Scientific name ABCG-half | ABCG-full
Saccharomyces cerevisiae 1 9
Physcomitrella paten 23 19
Selaginella moellendorffii 28 24
Oryza sativa 30 20
Arabidopsis thaliana 28 15
Caenorhabditis elegans 9 0
Drosophila melanogaster 15 0
Mus musculus 6 0
Homo sapiens 5 0

Table 1: No. of ABCG transporter genes in selected species. Heterodimer genes counted
separately. Table adapted from (Hwang et al., 2016).

1.1.1.1. ExAMPLES OF ABCG TRANSPORTERS

ABCGs are responsible for transporting a wide variety of substrates, and perform different
biological functions, eg. single substrate specific phytohormone transporter or export of wide
variety of drugs or toxins.

Examples of ABCGs with different substrate specificity and function:

human ABCG1 is involved in cholesterol efflux in macrophages.

human ABCG?2, also known as breast cancer resistance protein (BCRP) (Natarajan et al.,
2012), functions as a multidrug resistance transporter. It’s capable of transporting steroids
(cholesterol, oestradiol, progesterone and testosterone) and certain chlorophyll metabolites,
as well as organic anions. Overexpression of ABCG2 in tumour tissues leads to export of
anti-cancer drugs, interfering in chemotherapy (Hasanabady & Kalalinia, 2016), making
the study of ABCG2 transport mechanism a relevant problem of biomedical sciences.

human ABCG5 and ABCGS8 fucntion as a heterodimer ABCG5/G8. Both appear to limit
intestinal absorption and promote biliary excretion of sterols. Mutations in either of these
two genes lead to sitosterolaemia (Vasiliou et al., 2008).

Arabidopsis thaliana ABCG25, ABCG40, ABCG30 and ABCG31 function as abscisic acid
(ABA) transporters in seeds, mediating ABA secretion from endosperm and uptake into the
embryo (Kuromori & Shinozaki, 2010), (Kuromori et al., 2010), (Kang et al., 2015).

Saccharomyces cerevisiae pleiotropic drug resistance protein 5 (Pdr5) is responsible for
efflux of a wide variety of small weakly charged organic compounds, including herbicides,
mycotoxins and antibiotics (Harris et al., 2021). Pdr5 has only one functional NBD.

11.
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ABC transporters are ancient and present in species of all kingdoms.

Figure 1: Numbers below the species name indicate the numbers of ABC transporters in

that organism. For example, rice has 133 different ABC transporters, while humans have only

49. The number of ABC transporters in higher plant species is highlighted in yellow. Figure
adapted from (Hwang et al., 2016).

1.1.2. ABCG TOPOLOGY AND STRUCTURE

All ABCGs have a common TMD architecture of 6+6 helices anchoring the transporter in
biological membrane Figure 5 and creating a transport channel through the membrane
Figure 3. Between helices 5 and 6 there’s a characteristic V-shaped re-entry helix Figure 3,
Figure 4.

The ABCG NBD is the same as in other ABCs, and contains motifs typical for ATP binding
subunits, for eg. the Walker motifs Figure 2, (Schneider & Hunke, 1998) and a LSGGQ
signature motif.

Q ,\009\ o’i\‘\
PN \)(e ) P (\S\
o et o 20 et o0 R
S o oI W O et
NC ] [T ] B T 11 c
o GxxGXGK(S/T)  ¢(¢/QQ LSGGQ  ¢¢¢poDE SALD  H

ABCa

Figure 2: Motifs found in a functional NBD of ABC transporters. Figure adapted from
(Thomas & Tampé, 2020).
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Figure 3: Top: General fold of ABC type V transporters with two representative experimental
structures (human ABCG5/8 and ABCG2). Each monomer’s transmembrane domain (TMD)
has six a-helices (1-6), characteristic re-entry helix (here labelled PG1/PG2) and elbow helix
(here labelled CoH). Direction of substrate transport indicated with arrows, blue arrow
indicates the direction of transport in all members of ABC G subfamily (ABCG), which are
exclusively exporters. Bottom left: Orthographic projection perpendicular to the channel
formed by helices 2 and 6. Bottom right: Orthographic projection of TMD dimer in inward
facing conformation viewed from the side. Extracellular side oriented downwards. Top:
Adapted from (Thomas et al., 2020); structure accession codes: ABCG5/8: 5DO7 (Lee et al.,
2016); ABCG2: 6HCO (Manolaridis et al., 2018); Bottom: original work.
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Figure 4: Single transmembrane domain (TMD) of Pdr5 of Saccharomyces cerevisiae. Colour

codings: purple: elbow, light blue: 1st helix, dark blue:} 2nd helix, green: 3rd helix, yellow:

4th helix, orange: 5th helix, red: re-entry helix, brown: 6th helix. Original work annotation
based on (Harris et al., 2021).
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Figure 5: Structure of A. thaliana ABCG25 ABA exporter in outwards facing conformation,
with two molecules of ATP bound in its NBDs. Yellow spheres show orientation of ABCG25
in cellular membrane as computed by Positioning of Proteins in Membranes (PPM 3.0) web
server (Lomize et al., 2021). PDB accession code SWAM (Xin et al., 2024). Original work.

1.1.3. ABCG TRANSPORT MECHANISM
In the resting state IF conformation, ABCGs have roughly parallel TMD helices and NBDs
far apart, allowing the entry of substrate and ATP. ATP molecules act as molecular glue and
induce dimerization of NBDs that drives the conformational change from IF to OF. Movement

15.



of TMDs exposes substrate to extracellular fluid which washes the substrate out of the
transporter. ATP hydrolysis energizes the return to apo-IF resting conformation, and closes
the cycle Figure 6, Figure 7, (Yu et al,, 2021), (Peng et al., 2024), (Khunweeraphong &
Kuchler, 2025).
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Figure 6: ABCG2 transport mechanism proposed by (Khunweeraphong & Kuchler, 2025)
highlighting three gates controling drug extrusion.
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Figure 7: Top: Examples of Inward Facing (IF; left) and Outward Facing (OF; right) confor-
mations from Arabidopsis thaliana ABCG25. Bottom: ABCG2 transport mechanism proposed
by (Yu et al., 2021) with a hypothesized missing outward open structure. Top: original work,
accession codes: PDB: 8WD6, SWAM (Xin et al., 2024); UniProt: Q84TH5; Bottom: figure

adapted from (Yu et al., 2021).
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1.2. GOALS OF THE PROJECT
In 2023 (Mitrovic et al., 2023) published a paper titled “Reconstructing the transport cycle in

the sugar porter superfamily using coevolution-powered machine learning” describing a method

of identifying state-specific residue-residue contacts, and using them to predict structures of

all known conformations in sugar porter transporters Figure 8, Figure 9, Figure 10.

Outline of the method:

1.

collect a large (serveral thousand) number of protein sequences of a particular functional
group,

2. compute their multiple sequence alignment (MSA),

w

N9

apply direct coupling analysis (DCA) to predict residue-residue contacts from evolutionary
couplings (brief explanation of theory behind this method in Section 1.3)

prepare a dataset of relevant experimental structures,

compute experimental structure contact maps,

select contact map positions with high evolutionary coupling scores,

train a convolutional neural network (CNN) for conformation classifiaion based on filtered
contact maps,

apply layerwise relevance propagation (LRP) (Bach et al., 2015) to identify contact map
pixels contributing the most to classification of each conformation,

. identified conformation specific contacts can be used for state specific structure prediction

in rosetta, or for driving molecular dynamics simulations (MD simulations).

This project aims to extend the outlined approach to ABCG transporters, which can be
considered a more difficult system for the following reasons:

1.

complex architecture — unlike sugar porters, ABCGs have distinct transmembrane and
nucleotide binding domains, that perform distinct functions,

. architecture variants — ABCGs can function as single chain full-size transporters, or homo-

or heterodimers of smaller half-size transporters,

. larger size — functional ABCG transporter on average are composed of roughly twice as

many amino acids compared to sugar porters.

Work was carried out with the ultimate objective of applying identified ABCG state specific

residue contacts to study the transport mechanism of Medicago truncatula ABCG46.

18.
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Figure 8: Left: Example sugar porter experimental contact map overlaid with coevolutional

contacts identified by DCA. Right: outline of the method. Contact maps filtered by DCA

coevolution scores are input for convolutional neural network (CNN) classifying transporter
conformations. Figure adapted from (Mitrovic et al., 2023).
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Figure 10: Visualization of state specific contacts. Top: sugar porter conformations with
relevant contacts highlighted. Bottom: MSA view of state specific contacts. Figure adapted
from (Mitrovic et al., 2023).
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1.3. PREDICTING RESIDUE CONTACTS WITH PROBABILISTIC GRAPHICAL

MODELS
If positions in protein sequence exert selection pressures on each other, for eg. by charge or
size interactions, they are expected to evolve in tandem. This process of coevolution leads
to correlations between positions in multiple sequence alignments (MSA) of protein families.
Such coevolutionary information can be utilized to study 3D structure of protein families
Figure 11, (Morcos et al., 2011), (Sulkowska et al., 2012), (Nugent & Jones, 2012), (Juan
et al., 2013).
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Figure 11: Top: (A) A multiple sequence alignment (MSA) for a hypothetical domain family.
Positions X; and X, strongly coevolve, only appearing in pairs (S, H) and (F, W) (B) The
Markov Random Field encoding the conservation in and the coupling in the MSA. The edge
¥(X;, X,) between random variables X; and X, reflects the coupling between positions 1
and 4 in the MSA. Bottom: (A) MSA showing correlated positions (B) visualization of contact
between correlated positions imposing a constraint and resulting in observed coevolution.
Inference of 3D contacts from MSA correlation is the goal of direct coupling analysis. Top:
figure adapted from (Balakrishnan et al., 2011); Bottom: figure adapted from (Marks et
al., 2011).

1.3.1. MATHEMATICAL FORMULATION, MARKOV RANDOM FIELDS (MRFs)
In case of protein MSA a markov random field (MRF) is a tuple:
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where V is a set of vertices representing MSA columns, and £ is a set of edges connecting
MSA columns. Together V and £ form an undirected graph encoding probability distributions
of amino acids at each MSA position and couplings between MSA positions. The graph
must satisfy the Markov property — given the variables in the neighborhood of a vertex, its
probability distribuion is conditionally independent of all other variables in the graph.

The Markov property of MRFs allows them to identify direct couplings resulting from physical
contacts, rather than correlations arising from non-direct interactions.

@ and 1 are a set of node and edge potentials respectively. ¢, is a vector of size k of potentials
assigned to ith column of MSA, and v;; is a k X k matrix of coupling potentials between
ith and jth columns of MSA, where k is the size of the alphabet Equation 3. For protein
MSA k = 21 (20 amino acids + gap indexed as the last character) (Daphne Koller, 2009),
(Balakrishnan et al., 2011).
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Process of learning an MRF is achieved by optimizing a loss function (log-likelihood or pseudo
log-likelihood) and can constitute tuning both the architecture (the set £ of MSA column
connections) Figure 12 and edge potentials, or just the edge potentials of a model with a
predefined architecture, eg. a fully connected model (Daphne Koller, 2009), (Rosset et al.,
2025).

LREN, LRSS LX0N

Figure 12: Two examples of training a sparse protein MRF: (A) pruning a fully connected
model by removing weakest couplings, (B) adding connections to a set of vertices. Figure
adapted from (Rosset et al., 2025).

GREMLIN (Generative REgularized ModeLs of proteINs) (Balakrishnan et al., 2011), a DCA
implementation used in this work following methods outlined in (Mitrovic et al., 2023),
learns a fully connected MRF and reports coupling values computed as follows. For each
coupling a raw score is the Frobenius norm of the coupling matrix ¥ — square root of sum of
squares of coupling potentials excluding gaps Equation 4.
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The average product corrected score — apc — used for ordering couplings, is calculated by
subtracting the product of row and column averages divided by total average of raw couplings
matrix Equation 5.
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An apc coupling matrix is then filtered for a desired range of values, eg. top 200 strongest
coevolving pairs, to extract contact information.

2. MATERIALS AND METHODS

2.1. COMPUTATIONAL RESOURCES
Adapted from fastfetch output on used machines

WORKSTATION1

0S: Ubuntu 24.04.4 LTS x86 64

Host: HP Z2 Tower G4 Workstation

Kernel: Linux 6.8.0-110-generic

CPU: Intel(R) Core(TM) i7-8700 (12) @ 4.60 GHz
GPU: NVIDIA Quadro P1000 [Discrete]

Memory: 31.20 GiB

Swap: 47.68 GiB

FEDORA LAPTOP

0S: Fedora Linux 44 (Workstation Edition) x86 64

Host: 21AJS69VOY (ThinkPad T14 Gen 3)

Kernel: Linux 7.0.9-205.fc44.x86 64

CPU: 12th Gen Intel(R) Core(TM) 17-1265U (12) @ 4.80 GHz
GPU: Intel Iris Xe Graphics @ 1.25 GHz [Integrated]
Memory: 31.01 GiB

Swap: 22.90 GiB

CNN training was carried out on Google Colab with T4 GPU runtime (Google, n.d.).

2.2. SOFTWARE USED THROUGH WHOLE PROJECT
Python programming language, version 3.14 with libraries:

« NumPy (Harris et al., 2020),

« SciPy (Virtanen et al., 2020),

« pandas (team, 2020), (McKinney, 2010),

« Numba (Lam et al., 2015),
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« matplotlib (Hunter, 2007),

« seaborn (Waskom, 2021),

« scikit-learn (Pedregosa et al., 2011),

« tensorflow (Martin~Abadi et al., 2015), (Developers, 2026),
« keras (Chollet & others, 2015).

JupyterLab interactive development environment for data science notebooks (Thomas et al.,
2016).

R statistical programming language (R Core Team, 2026), with libraries:
« dplyr (Wickham et al., 2026).

PyMOL Open Source for molecular visualization system (Schrodinger, LLC, 2015).

Jalview for multiple sequence alignment editing, visualisation and analysis (Waterhouse et
al., 2009).

2.3. EXPERIMENTAL STRUCTURE LIBRARY CONSTRUCTION

Experimental structures of ABCG transporters were obtained from databases building on
top of Research Collaboratory for Structural Bioinformatics Protein Data Bank (RCSB PDB)
(Berman, 2000):

1. PDBsum (Laskowski et al., 1997) — by querying “ABCG”,

2. Orientation of Proteins in Membranes (OPM) (Lomize et al., 2011) — by searching the
OPM classification based on Transporter Classification Database (TCDB) (Saier, 2006),
(Saier et al., 2009), (Saier et al., 2015), (Saier et al., 2020),

3. Electron Microscopy Data Bank (EMDB) (Turner et al., 2023) — by querying “ABCG”.

Figure 13 shows example results from OPM and PDBsum. PDB IDs were extracted from html
page sources or raw copied text.
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ABC transporter G family

= Type: Transmembrane (3 classes)

= Class: Alpha-helical polytopic (156 superfamilies)

= Superfamily: ABC transporters (27 families) 3.A.1 (TCDB) &

= Family: ABC transporter G family (34 proteins ) 3.A.1.204 (TCDB) & PF01061 & IPR013525 & PDBsum &

Proteins (34 entries)
Search table.. search
PDB Num. M Num. TM.  Hydrophobic

Protein Name D Resolution Species Localization AT Sec. Thickness or
Structs. Depth (R)

Tilt Angle Radius of AGiransrer
(®)  curv. (A) (kcal/mol)

Eykaryo.
ABCG1 transporter 7réc 3.7EM Home sapiens :lﬂsl:d 2 16 29.8 2 undef. -96.7

ABCG1 transporter, with Eykaryo.

7r8e 3.7EM Homo sapiens ) 14 30.6 1] undef. -B1.9

ATP plasma

ABCG1 transporter, with . Eykaryo.
7ozl 4 EM Homo sapiens 2 16 30.4 7 undef, -96.3

ATP and choleste... plasma
AR (D, Tl v 3.26 EM Homo sapiens L=, 2 14 29.6 3 undef. -80.5

cholesteraol plasma

ABCG1 transporter, with . Eykaryo.
7r8d 3.2EM Homo sapiens 2 14 29.6 1 undef. -106.5

cholesterol plasma

o

Search-string [ABCG]
5do7 - Crysial structure of the human sterol transporter abcg5/abeg8

TITLE : CRYSTAL STRUCTURE OF THE HUMAN STEROL TRANSPORTER ABCGS/ABCGS
SOURCE: GENE: ABCG5;

SOURCE: GENE: ABCGS;

KEYWDS: ATP-BINDING CASSETTE TRANSPORTER, ABCG, STEROL EFFLUX,

DATE: 10-SEP-15

5niv - Crystal structure of 5d3 fab

KEYWDS: FAB, ABCG2, INHIBITOR, IMMUNE SYSTEM
DATE: 27-MAR-17

5nj3 - Structure of an abce transpeorter: complete structure

SOURCE: GENE: ABCG2, ABCP, BCRP, BCRP1, MXR;
DATE: 28-MAR-17

Figure 13: Screenshots showing OPM (top) and PDBsum (bottom) results. Original work.

2.3.1. STRUCTURES BATCH DOWNLOAD

RCSB PDB offers a script for performing batch downloads for a list of provided structure
IDs. I developed an optimized fork of the script with greatly reduced runtime, github:
PDB_fast_batch.

2.3.2. STRUCTURE CONFORMATION LABELLING

Most structures were not explicitly labelled in database entries. But in almost all cases their
conformation was cleary stated in the source paper or its supplementary materials. In case no
explicit label was given by authors, a pairwise structural alignment with labeled structures
was performed, and conformation label was copied from the best aligned structure.
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2.3.3. DESCRIPTIVE STATISTICS

Barplots showing no. of structures grouped by conformation and protein/species were pre-
pared. Structure resolution information was obtained from structure metadata and visualized
as a histogram.

To validate that structures labeled with opposite conformations (IF, OF) are structuraly
distinct, I performed in-group structural alignment in PyMOL, and applied Student’s t-test on
measured distance between H-switch histidines of ABCG NBDs. In case of asymmetric full-
size transporters with one NBD modified (eg. Pdr5, Cdrl), I considered the distance betwen
H-switch histidine of one NBD and tyrosine at the structuraly equivalent position in the
opposite NBD.

2.4. PROTEIN SEQUENCE LIBRARY CONSTRUCTION

Protein sequences for DCA contact prediction came from two sources: (1) data set published
by one of the colaborators of our group, (2) PSI-BLAST search.

2.4.1. FuLL-s1ZE PLANT ABCGs

1840 full-size plant ABCG transporter protein sequences found in One Thousand Plant Tran-
scriptomes (1KP) transcript data by (Pakula, 2023).

2.4.2. PICKING SEQUENCES FOR PSI-BLAST seARCH
I prepared a list of protein sequences matching experimental structures from Section 2.3
which resulted in 8 unique sequences, half of which came from human genes Table 2.

UniProt ID | protein | species
Q9H221 ABCG8 human
Q9H222 ABCG5 human
Q9UNQO | ABCG2 human

P45844 ABCG1 human
P33302 PDR5 | S. cerevisiae
Q84TH5 AB25G | A. thaliana
QIM2V7 | AB16G | A. taliana
Q5ANA3 CDR1 | C. albicans

[o<2 BN I e N IS, BN BTN IO N CCR e

Table 2: Protein sequences of all ABCG transporters with known experimental structures
with their UniProt IDs. Original work.

2.4.3. PSI-BLAST
Each sequence from Table 2 was used as query for PSI-BLAST (Position Specific Iterative
BLAST) search against Clustered-NR database. PSI-BLAST is better at finding sequences with

conserved motifs, because on each iteration it refines a position specific subsitution matrix
(PSSM) based on previous hits (Altschul, 1997; Altschul et al., 2005).

For 4 of them running the 2nd iteration (construction of the first PSSM) resulted in ERROR:
CPU USAGE LIMIT WAS EXCEEDED. For the remaining 4 (human ABCG1,ABCG2, ACBGS8 and
AtABCG16, Table 2) we’ve ran five more iterations, increasing number of target sequences
by 100-200 each time the number of new identified sequences was small.
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Algorithm parameters used are listed in table Table 3.

PARAMETER VALUE
Database ClusteredNR
Max target sequences 1000
expect threshold 0.05
Word size 3
Max matches in a query range 0
Matrix Blosum62
Gap cost Existance: 11 Extension 1
Compositional adjustments | Conditional compositional score matrix adjustment
PSI-BLAST Threshold 0.005
Pseudocount 0

Table 3: Initial parameters used for PSI-BLAST search on NCBI website.

In total 5500 clusters were identified, after removing duplicates — same cluster identified in
different runs — 4696 remained Table 4.

# protein [ No. cluster representatives
1 ABCG8 1000
3 ABCG2 1500
4 ABCG1 1500
7 AB16G 1500
total — 5500
unique — 4696

Table 4: No. of sequences identified by PSI-BLAST. Original work.
2.4.4. CLEANING THE SEQUENCE LIBRARY

2.4.4.1. FILTERING NONSTANDARD AMINO ACID CODES

Some of the plant full-size ABCGs from Section 2.4.1 contained nonstandard amino acids: ?,
*, the “unknown” and “STOP codon”. GREMLIN DCA accepts only standard 20 amino acid
codes + gap symbol. I trimmed terminal * and removed sequences containing ? at any position,
or * at position any other than the C terminus. Procedure yielded 1418 viable sequences.

2.4.4.2. SEPARATING HALF-SIZE AND FULL-SIZE TRANSPORTERS

Most of the sequence length density in PSI-BLAST sequences was concentrated within the
range 650 £ 160, consistent with our knowledge about half-size ABCG sequence length. Any
sequences bellow 490 or above 810 were excluded, and remaining sequences were concate-
nated head-to-tail, to simulate full-size sequences.

Resulting sequences covered size range identical to (Pakula, 2023) plant full-size transporters
Figure 14.
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Pseudo-full-size vs. full-size distributions
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Figure 14: Plot showing kernel density estimated probability density (KDE with gaussian

kernel), frequency table barplot was scaled to fit under the curve. Color coding: red —

concatenated half-size transporters (pseudo-full-size) prepared from PSI-BLAST results; blue
— plant full-size transporters from (Pakuta, 2023). Original work.

2.4.4.3. PROSITE MOTIF FILTERING
Sequences found by PSI-BLAST were filtered on PROSITE webserver (Sigrist et al., 2012) for
presence of the ABC motif (PS50893).

2.4.4.4. STRUCTURE SEQUENCES
Sequences of proteins identified in Section 2.3, and sequence of M. truncatula ABCG46, were

added. Half-size transporters were concatenated head-to-tail, heterodimers were concatenated
as homodimers, eg. ABCG5/G8 as ABCG5-ABCG5 and ABCG8-ABCGS.

Described procedure resulted in 5624 viable sequences.

2.5. MULTIPLE SEQUENCE ALIGNMENT (MSA)

Processed sequence library was used to construct a multiple sequence alignment with
MUSCLES using Super5 algorithm (Edgar, 2022). MSA columns with > 20% gap contet were
dropped, following methods outlined in (Mitrovic et al., 2023).

FAMSA2 (Gudys et al., 2026) was used as a newer alternative, using an approximated medoid
guide tree, and dropping columns with >80% gaps.

2.6. EXPERIMENTAL STRUCTURE RESIDUE DISTANCE AND CONTACT MAPS

A distance map is a matrix M € (R*)""", where M ; stores the distance between i-th and j
-th residue expressed in Angstrem (A).

Two distance metrics were used:
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1. Euclidean alpha carbon distance (C,), faster to compute, less affected by lower structure
resolution, but insensitive to rotamers and providing only approximate measure of physical
residue contacts,

2. minimal interatomic Euclidean distance between residues, slower to compute, less robust
for lower resolution structures with wrong rotamers, but able to identify physical contacts
withing structural models.

2.6.1. OVERCOMING TIME COMPLEXITY OF MINIMAL INTERATOMIC DISTANCE COMPUTA-
TION

n
2

distances between two residues with k£ and [ heavy atoms respectively, k£ x [ distances need

For a protein of n residues (7 ) unique pairs need to be evaluated. To find minimal interatomic

to be computed, with best case of 25 (Gly-Gly) and worst case of 225 (Trp-Trp).

I utilized bounding sphere based pruning, to limit the costly minimization only to a small
number of residue pairs with a chance of contact.

For each residue a bounding sphere is computed with centre at its geometric centre and radius
equal to the distance between centre and furthest atom (code: Listing 1; visual example:
Figure 15).

Interatomic distance minimization (code: Listing 2) is performed only for residue pairs if
distance between surfaces of their bounding spheres is less than 12 A.

For higher performance both functions were accelerated with LLVM JIT compilation using
Numba (Lam et al., 2015).

Figure 15: Tryptophan with smallest bounding sphere centered at its geometric centre
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@jit(nopython=True)
def get sphere(residue: np.ndarray):
""" residue is a matrix of xyz coordinates of n atoms
with shape (n, 3) """
centroid = np.mean(residue, axis=0)
radius = np.max(np.linalg.norm(residue - centroid, axis=1))

return centroid, radius

Listing 1: Compute bounding sphere

@jit(nopython=True)

def minimize distance(rl: np.ndarray, r2: np.ndarray):
""" rl and r2 are matrices of shape (n, 3) with xyz
coordinates of residue atoms """
# initialize to value larger than anything expected
min_distance = 2048.0

for i in range(rl.shape[0]):
for j in range(r2.shape[0]):
d = np.linalg.norm(rl1[i] - r2[j])

if d < min_distance:
min distance = d

return min distance
Listing 2: Minimize interatomic distance

2.6.2. EXPERIMENTAL CONTACT MAP ESTIMATION

Experimental contact maps were calculated from distance maps by applying a sigmoid func-

tion (Equation 6) which introduces a smoothened cutoff at chosen distance. Several values

of cutoff were tested:

1. 4 A following (Mitrovic et al., 2023),

2. 6 A, as a an alternative to limit the number of pixels with values very close to 0, that could
interfiere with CNN training,

3. 8 A and 12 A for C, maps, used in CNN and LinearSVM training.

Formula for sigmoid transformation of distance (d) with specified cutoff (d):

1

Cld) =17 exp(d — dy)

Applying a sigmoid function transforms distances into open interval ]0, 1], where values can
be interpreted as strength of contact.

2.7. DIRECT COUPLING ANALYSIS (DCA)

Following (Mitrovic et al., 2023) for DCA I used GREMLIN (Balakrishnan et al., 2011),
(Kamisetty et al., 2013) with gap cutoff of 20%, LBGFS optimizer and 1000 optimization
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iterations. Because web server version of GREMLIN is no longer available, a locally installed
Cpp implementation was used: https://github.com/sokrypton/GREMLIN_CPP.

It’s important to point out that GREMLIN Cpp doesn’t implement early stopping, and will
continue until the set number of iterations is met, only saving the output after finishing.

Documentation mentions the possibility of OMP multithreading, but no significant difference
in runtime was observed between OMP_NUM THREADS=1 and OMP_NUM THREADS=8 runs.

DCA was performed on:

1. whole dataset MUSCLE5 MSA,

2. only full-size plant ABCGs from (Pakula, 2023) MUSCLE5 MSA,
3. whole dataset FAMSA2 MSA.

GREMLIN output inlcludes effenctive number of sequences (NEFF). Each sequence is assigned
weight of 1 divided by no. sequences with Hamming similarity greater than 80%. NEFF is the
sum of individual weights.

2.7.1. COUPLING SCORE SELECTION

Initial analysis showed that highest coevolving pairs follow the main diagonal, and for datasets
including pseudo-full-size concatenated half-size transporters from PSI-BLAST additional two
smaller diagonals representing the main diagonal shifted in phase. I consider those to be
artifacts resulting from previously described pseudo-full-size sequence generation, as identical
halves will appear to perfectly coevolve along their entire length.

After visual inspection the FAMSA2 DCA most closely resembled experimental contact maps
and was chosen for downstream map filtering.

Average product corrected (APC) values were used for ordering contacts. Procedures
described by GREMLIN developers suggest to z-score transform APC values and select n
residue pairs with highest z-scores.

Distribution of z-scores was roughly normal around 0, with a very long right tail reaching up
to z-score of 59. Highest coupling scores exclusively belonged to diagonal artifacts, therefore
instead of taking n highest scoring residue pairs I selected those with z-scaled coupling values
between 1 and 5.

Additionally to exclude diagonal artifacts I applied filtering with a boolean matrix (code:
Listing 3).
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MSA width = 1146 # Width of FAMSA2 MSA
F = np.ones((MSA width, MSA width))

bandwidth = 16 # width of filter lines
diag = 580 # position of phase shifted diagonal

for i, j in itertools.product(range(MSA width), range(MSA width)):
dist = abs(i - j)
if (dist < bandwidth or abs(dist - diag) < bandwidth):
Fl[i,j1 =0

Listing 3: Code for diagonal artifact filtering matrix. Original work.

2.8. MACHINE LEARNING DATA ENGINEERING

2.8.1. FEATURE EXTRACTION

Models deposited in protein structure databases almost never cover the whole sequence, eg.
1st residue in structure might be 13th amino acid in translated sequence. Because of that two
different models of the same protein often have differing lengths, and produce noncomparable
contact maps. Therefore it’s necessary to select equivalent positions before passing contact
maps as input for machine learning models.

(Mitrovic et al., 2023) doesn’t specify the method of mapping DCA predicted contacts to
experimental contact maps, therefore I applied two approaches:

1. based on MSA mapping:
1. First, from each structure I extracted its sequence as a single chains. We added M.
truncatula ABCG46 to be used for reference with DCA coupling matrix,
2. then I computed MSA using FAMSA2 with medoid tree and no column dropping,
3. finally, from each contact map I select pixels that corresponded to interactions betweem
MSA columns with 0 gaps.
2. based on pairwise flexible structural alignment:
1. first I computed flexible structural alignment between ABCG46 and every other struc-
ture with FATCAT 2.0 (Li et al., 2020),
2. then I identified sequence ranges forming rigid alignment blocks,
3. finally from each experimental structure I selected positions that aligned with the same
sequence ranges in ABCG46.

2.8.2. DCA CONTACT FILTERING

From each map I selected distance values for residue pairs present in set obtained in
Section 2.7.1. First sequence of the MSA — M. truncatula ABCG46 was used for mapping
between DCA coupling matrix positions and aligned contact maps.

2.8.3. DCA-FREE FEATURE SELECTION

I tested training the LinearSVC model with DCA filtering substituted for variance based
feature selection. Selecting aligned contact map positions with variance within the top 10%
and at least 10% of values above 0.5.
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2.8.4. PREPARING LABELS FOR CLASSIFICATION

Because some conformations were represented by only a few structures or even just a single
structure, I decided to simplify the problem into binary classification with broad IF-like
conformation and OF-like conformation classes, grouping conformations without accounting
for finer details like substrate binding state or ATP binding.

All inward facing (IF) and IF-like conformations were labeled 6 and the rest (OF and OF-like)
as 1.

2.9. FINDING STATE SPECIFIC CONTACTS WITH SUPPORT VECTOR CLASSI-
FIERS (SVCs)

I decided to focus our approach on support vector machine linear kernel classifier (LinearSVC)

rather than convolutional neural networks (CNNs) for the following reasons:

1. SVMs are known to perform well on problems where no. of features is larger than no. of
samples,

2. SVMs readily offer explainability via decision hyperplane coefficients

To correct for class imbalance I trained models with balanced class weights to prevent the
models from classifying everything as the majority class.

I tested 64 values of C' hyperparameter equaly spaced in the log-space at range from -10 to 2
(10719 to 102) with 32 stratified random shuffle splits per C for validation.

I selected the C value that resulted in mean recall equal to the inflection point of mean recall
curve.

To measure coefficient stability I performed Leave-One-Out cross validation of the final model,
calculated coeflicient mean, standard deviation and normalized maximum difference between
coeflicient’s value.

I tested training the model on Equation 6 transformed distances (contact maps) before and
after Z-score scaling with StandardScaler().

2.10. TRAINING A CONVOLUTIONAL NEURAL NETWORK (CNN)

Following the methods outlined in (Mitrovic et al., 2023) I trained a convolutional neural
network (CNN) using Keras (Chollet & others, 2015) and Tensorflow (Martin~Abadi et al.,
2015), (Developers, 2026) on Google Colab T4 GPU runtime.

Models were trained on aligned contact maps without DCA filtering.

Architecture of the final model:

2D convolutional layer, 16 filters with 3 x 3 kernel and ReLU activation function,
2D max pooling with 3 x 3 pool size,

2D convolutional layer, 128 filters with 5 x 5 kernel and ReLU activation function,
2D max pooling with 3 x 3 pool size,

256 dimensional dense layer with ReLU activation function,

AR

single output neuron with sigmoid activation function.

Figure 16 shows a diagram of used CNN architecture (layer sizes not to scale).
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I trained the model using binary crossentropy loss, ADAM optimizer and validation loss early
stopping with patience of 10 epochs.

I tested using one or two convolutional layers (with max pooling layer after each one) and one
or two dense layers, and several hand picked values of learning rate in the range from 1075
to 1073. I did not carry out a systematic architecture or hyperparameter optimization, since
available compute on Google Colab was insufficient.

To mitigate class imbalance I tested training the network on dataset consisting of all minority
class samples and random selection of majority class to achieve roughly 1:1 ratio of classes in
the training set.

Conv. Max-Pool Conv. Max-Pool Flatten

Figure 16: Diagram of final CNN architecture: 2 x (2D Conv. — Max-Pooling) —
flatten — dense — output neuron. Original work made with NN-SVG LeNet.

2.11. LAYERWISE RELEVANCE PROPAGATION OF CNN
I did not manage to find a Python library capable of performing layerwise relevance propa-
gation (LRP) that is compatible with current versions of Tensorflow and Keras.

From the existing implementations of LRP, iNNvestigate (Alber et al., 2019) is the most
promising one, but would require rewriting CNN code in older version of Keras.

(Mitrovic et al., 2023) made their own LRP implementation tailored to sugar porter data,
that cannot be applied to ABCG data without refactoring.

3. RESULTS

3.1. EXPERIMENTAL STRUCTURES
In total 67 full ABCG structures were found. Full list with citations at Section 3.1.1.

Table 5 shows structure accession codes with protein names and conformation as reported
by authors.

Figure 17 shows no. of structures grouped by protein and color coded by species, and no. of
structures per conformation.

Figure 18 shows distribution of structures’ resolution. Surprisingly crystalographic models
had one of the lowest resolutions (5DO7: 3.93 and 8CUB: 4.05).
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Figure 19 shows histogram of distances between NBD H-switch histidines color coded by
broad conformation (IF or OF), and t-test results. Excluding outliers, both groups are clearly
identifiable by H-switch distances alone.

Figure 20 structural alignments of structures labeled as IF and OF. Broad structural features
specific to each conformation are visible: roughly parallel TMD helices and a visible gap
between NBDs for IF, TMD helices brought closer on the intracellular side forming a V-shape,
NDBs are close to or dimerized in OF.

Figure 21 shows the orthoscopic view down the TMD channel from NBD side. Color coded by
conformation (IF or OF). While the conformations appear distinguishible, there is considerable
variance of position withint the groups.

3.1.1. LIST OF STRUCTURES WITH CITATIONS
Structures obtained with X-ray diffraction are marked with astrisk (*), the rest come from
Cryo-EM.

Human ABCG1: 7FDV (Xu et al., 2022), 70Z1 (Skarda et al., 2021), 7R8C, 7R8D, 7R8E
(Sun et al., 2021).

Human ABCG2: 7NEQ, 7NEZ, 7NFD (Kowal et al., 2021), 8P7W, 8P8A, 8P8] (Irobalieva
et al,, 2023), 8PXO, 8PY4, 8Q7B, 8QCM (Yu et al., 2024), 5NJ3 (Taylor et al., 2017), 6VXF,
6VXH, 6VXL, 6VXJ (Orlando & Liao, 2020), 70J8, 70JH, 70JI (Yu et al., 2021), 8I38, 8I39,
8I3A, 8I3B, 8I3C, 813D (Huang et al., 2023), 6HBU, 6HCO, 6HZM (Manolaridis et al., 2018),
8U2C (Chen et al., 2023), 6ETI, 6FEQ, 6FFC, 6HIJ (Jackson et al., 2018), 8BHT, 8BI0 (Rasouli
et al., 2022).

Human ABCG5/G8: 8CUB” (Farhat et al., 2022), 5DO7* (Lee et al., 2016), 7JR7 (Zhang et
al., 2021), 7R87, 7R88, 7R89, 7R8A, 7R8B (Sun et al., 2021).

A. thaliana ABCG16: SWTM, 8WTN, SWTO, SWTP (An et al., 2024).

A. thaliana ABCG25: SWAM, 8WBA, 8WBX, 8WD6 (Xin et al., 2024), 8TW], 8IWK, 8TWN,
8K0X, 8K0Z (Ying et al., 2023).

S. cerevisiae Pdr5: 7P03, 7P04, 7P05, 7P06 (Harris et al., 2021).
C. albicans Cdr1: 9IUK, 9IUL, 9IUM, (Peng et al., 2024).
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PDBID | protein |conformation | PDBID | protein |conformation
7FDV ABCG1 IF 70Z1 ABCG1 IF Open
7R8C ABCG1 IF 7R8D ABCG1 IF
7R8E ABCG1 OF 7NEQ ABCG2 IF
7NEZ ABCG2 IF 7NFD ABCG2 IF
8P7W ABCG2 IF 8P8A ABCG2 IF
8P8J ABCG2 IF 8PXO ABCG2 IF Open
8PY4 ABCG2 IF Open 8Q7B ABCG2 IF Open
8QCM ABCG2 IF Open 5NJ3 ABCG2 IF Open
6VXF ABCG2 Apo Closed 6VXH ABCG2 IF
6VXI ABCG2 IF 6VX] ABCG2 IF
70]8 ABCG2 Turnover 2 70JH ABCG2 Turnover 1
70]1 ABCG2 Turnover 2 8138 ABCG2 IF

8139 ABCG2 IF 8I3A ABCG2 OF
8I3B ABCG2 OF 8I3C ABCG2 IF
8I3D ABCG2 IF 6HBU ABCG2 OF
6HCO ABCG2 IF 6HZM ABCG2 OF
8U2C ABCG2 IF* 6ETI ABCG2 IF
6FEQ ABCG2 IF 6FFC ABCG2 IF
6HIJ ABCG2 IF 8BHT ABCG2 Turnover 1
8BI0 ABCG2 Turnover 2 8CUB [ ABCG5/G8 IF
5D0O7 | ABCG5/G8 IF 7JR7 | ABCG5/G8 IF
7R87 | ABCG5/G8 IF 7R88 | ABCG5/G8 IF
7R89 | ABCG5/G8 IF 7R8A | ABCG5/G8 IF
7R8B | ABCG5/G8 IF SWTM | ABCGI16 IF
SWTN | ABCGI16 OF Occluded | 8WTO [ ABCG16 OF Open
8WTP | ABCG16 IF SWAM [ ABCG25 OF
SWBA | ABCG25 IF 8WBX | ABCG25 IF
8WD6 | ABCG25 IF 8IW] ABCG25 IF
8IWK ABCG25 IF 8IWN | ABCG25 OF
8K0X ABCG25 IF 8K0Z ABCG25 IF
7P03 Pdr5 IF 7P04 Pdr5 IF
7P05 Pdr5 IF 7P06 Pdr5 OF
9IUK Cdr1 IF 9IUL Cdr1 IF Open
9IIUM Cdr1 IF

Table 5: PDB accession codes, protein name and conformation label. 8U2C is marked as TF*’
because conformation was not specified in the paper and was assigned by structural alignment
with IF and OF representatives
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Figure 17: Top: total number of structures identified per protein. Color coded by species.

Bottom: No. of structures with specified conformation labels. IF total and OF total bars show

total No. of structures that can be considered as IF or OF conformation. Colors show bar
composition. Original work.
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Figure 18: Histogram of structure resolutions as reported in their metadata. Original work.
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Figure 19: Histogram of H-switch histidine NBD-NBD distance. Excluding outliers, IF and OF
conformations are clearly identifiable. Original work.

Figure 20: Structural alignment of structures belonging to broad IF (left) and broad OF (right)

conformations. Original work.
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Figure 21: Structural alignment of all structures, orthoscopic view down the TMD channel
from NBD side. Color codings: red: OF, green: IF

3.2. EXPERIMENTAL STRUCTURE DISTANCE AND CONTACT MAPS

Figure 22 shows an example raw distance map and it’s corresponding contact map. Visible
checkerboard pattern in the raw distance map can be used to identify interactions between
domains Figure 23.

Figure 24 shows variance of distance at each of the aligned contact map positions for all

distance maps. Oval regions of high variance correspond to interactions between NBDs of
ABCG halves.

Figure 25 shows difference of means between distance maps grouped by conformation (IF or
OF), and per position standard error for difference of means with unequal variances. Calcu-
lated difference of means in the oval high variance region of NBD interaction is characterized
by large standard error, likely reflecting low resolution of the data.
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Figure 22: Left: full distance map of AtABCG25 (PDB ID: WAM). Right: same distance map
after sigmoid transformation. Original work.

intra-NBD? intra-NBD-TMD inter-NBD?

intra-TMD? inter-NBD-TMD inter-TMD?

intra-NBD? intra-NBD-TMD

intra-TMD?

| . .
0 1 2 3
Figure 23: Interpretation of ABCG contact matrices. Because NBD and TMD are roughly the
same length, contact matrices can be divided into a 4 x 4 grid of different NBD and TMD
interactions. Interaction encoding scheme: intra — interaction withing the monomer or the
same half of full-size transporter, inter — interaction between monomers or halves of full-size
transporter, NBD? — interaction between NBDs, TMD? — interaction between TMDs, NBD-
TMD — interaction between NBD and TMD. Lower triangle is identical, hence not shown.
Original work.
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Figure 24: Variance of raw distance values at positions within alignet distance maps. Original
work.
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Figure 25: Left: per position difference of means between aligned distance maps grouped by
conformation (IF or OF). Right: standard error for the difference of two means with unequal
variances. Original work.

3.3. MSA

FAMSAZ2 outperformed MUSCLES5 in runtime and quality of produced MSA. Taking less than
1 minute to produce MSA of 5624 sequence of lengths in 1000-1500 range, with smaller no. of
columns (20808 vs 34366).
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3.4. DCA
MREF built from FAMSA2 MSA used 1146 columns (all with gap content < 20%). Computed
effective number of sequences was 1577.7.

Figure 26 shows coupling matrix positions with APC values above set thresholds. Visual
inspection shows that threshold of roughly 0.01 is the best compromise between removing
noise and capturing non-trivial couplings.

Figure 27 shows couplings within 1 to 5 standard deviations from the mean APC value (APC
range from 0.014 to 0.071), and diagonal filter mask.

Figure 28 shows the final filtered coupling matrix of 17072 predicted contacts.
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Figure 26: Boolean matrices of couplings with APC values above set threshold. threshold =

0.01 results in the least amount of noise and retains features reminiscent of experimental

contact maps. Strong diagonal signal can be filtered before using the matrix for feature
selection. Original work.
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Figure 27: Top: boolean matrix of couplings withing the 1 to 5 z-score range (equal to apc

range from 0.014 to 0.071). Close to the main diagonal shape similar to experimental contact

matrix intra-TMD? region can be seen. Bottom: diagonal filters used for eliminating artificial
strong signal coming from half-size transporter sequence concatenation. Original work.
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Figure 28: Final coupling matrix with total of 17072 couplings.

3.5. DCA-FREE FEATURE SELECTION
Figure 29 shows boolean matrix of aligned contact map positions with variance in top 10%.
Selecting high variance positions with at least 10% of values above 0.5 yielded 53368 features.

Figure 30 shows 32 randomly selected residue pairs and their C,, distances.
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Figure 30: Visualization of 32 randomly selected features mapped to ABCG46 structure.
Original work.

46.



3.6. MaprPING DCA coupPLINGS TO ABCG46

Our procedures of mapping DCA predicted contacts to AF predicted ABCG46 structure
predominantly selected residue pairs that we never expect to be in contact in ABCG transport
cycle.

For this reason we concluded that we don’t have a reliable way of using DCA predicted
contacts for contact map filtering, and decided to not use it for feature selection for SVC and
CNN model input.

3.7. LINEARSVC

Figure 31 shows mean recall statistic per tested C' hyperparameter values with standard error.
Described procedure yielded optimal C value of 1.389 - 10°.

Table 6 shows classification metrics for Leave-One-Out (LOO) final model validation trained
on contact map data scaled with StandardScaler().

Figure 32 shows precision-recall curve for LOO model validation.

Figure 33 shows mean values of SVC coeflicients plotted against their standard error (SE).
Correlation between magnitude of coefficient and its SE makes the selection of conformation
specific contacts difficult without determining an optimal tradeof between feature importance
and uncertainty.

Even the best model was not able to reliably differentiate the classes, and was characterized by
low stability of coeflicients. In it’s present state it can’t be used to reliably select state specific
residue contacts.

statistic | value

accuracy | 0.209

precision | 0.048
recall | 0.133
f1 0.070

Table 6: Leave-One-Out validation metrics. Original work.
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Figure 31: Blue: mean recall statistic calculated for 32 stratified random shuffle split validations
per C hyperparameter value. Orange: normalized mean recall derivative with computed mean
recall curve inflection point C value. Original work.
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Figure 32: Precision-Recall curve for Leave-One-Out validation of the final SVC model.
Original work.
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Figure 33: Scatterplot of mean SVC coeflicient values in respect to their standard error (SE)
over all 67 Leave-One-Out validation training runs. Original work.

3.8. CNN

Across all tested input architecture adjustments, the network consistently converged to
predicting the majority class (IF), even when tested on the training set, reflecting the severe
class imbalance in the training data (roughly 4:1 ratio of IF:OF; Figure 17).

Training on datasets with undersampled majority class did not mitigate this issue.

4. DISCUSSION

4.1. MODEL PERFORMANCE

All tested models had poor classification performance, and in case of LinearSVC the coeffi-
cients intended to provide feature importance were highly unstable, largerly depending on
specific training set or even the initial random state of the model.

Very low number of samples coupled with high dimensionality of feature vectors made feature
selection and model validation difficult.

Results did not provide a conclusive list of state specific residue contacts, that could be chosen
without arbitrary selection.

4.2. PROBLEMATIC ASPECTS OF THE DATA

4.2.1. EXPERIMENTAL STRUCTURES

Many experimental structures used in this project came from testing drug binding, rather than
systematic studies of ABCG transport mechanism. Additionally, the desired conformation
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has to be secured or induced, by binding with an antibody, ligand or introducing mutations,
possibly introducing heterogeneity in structures labeled with same conformation.

Structure resolution was in the medium to low range, making precise interatomic distances
unreliable.

4.2.2. SEQUENCE DATA

Existance of full-size, homo- and heterodimer forms raises a question of how the input
MSA should be prepared. Introducing pseudo-full-size concatenated sequences leads to high
artificial couplings along the main and phase-shifted diagonals, which might introduce model
bias that cannot be filtered out by removing signals from diagonals. Also, the decision to
concatenate half-size sequences with their exact copies is arbitrary. I did not attempt to
determine how many half-size sequeces from the dataset belong to heterodimer ABCGs. If
heterodimerizing half-size ABCGs were to be paired with their respective biological partners,
it’s unclear how they should be ordered, eg. as ABCG5-ABCG8 or ABCG8-ABCGS5, whether
both variants should be included or whether half-size and full-size transporters coupling
matrices should be computed individually.

4.3. DCA COUPLING INTERPRETATION

The idea of using DCA for contact map filtering is based on the assumption that strong
couplings are interpretable as residue contacts likely to exist in most of the members of a
particular protein family. Based on our DCA results, it’s clear that in case of our data, both low
and high couplings needed to be removed to limit noise and artificial high values. But such
procedure is sensitive to biased judgement and selecting for coupling matrices resembling
experimental maps, rather than the other way around, defeating the point of DCA based
filtering.

4.4. EXPERIMENTAL DISTANCE AND CONTACT MAPS

Experimental distance maps show a high degree of variance in regions of interaction between
NBDs of transporter halves that is not explained by their conformation. Possibly steming from
low structure resolution and differing experimental setups.

4.5. POSSIBLE TECHNICAL IMPROVEMENTS

4.5.1. FURTHER CONTACT MAP COMPUTATION OPTIMIZATION

Described distance map computation optimization technique relies on computing reasonably
small but not minimal enclosing spheres. In larger systems, where finding minimal enclosing
spheres could lead to a noticable improvement in runtime, Welzl’s algorithm (Welzl, 1991)
for solving smallest-circle problem could be implemented.

4.5.2. CNNs

Two main problems with CNN training were:
1. high class imbalance,
2. low sample size.

The network consistently learned to allways predict the majority class (IF conformation).
Weighted sampling with replacement can generate a larger dataset without class imbalance,
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but leads to overfitting, in which case LRP pixel importance likely does not reflect their
biological importance.

Couple possible solutions could be implemented to mitigate mentioned problems without
overfitting:

4.5.2.1. DATA AUGUMENTATION
To prevent overfitting due to exact duplicates in data, sampling with replacement could

be paired with transformations that preserve pixel — residue-residue distance relationship.
Which includes:

shifting (translation),

fliping along vertical, horizontal or diagonal axes,
rotations by 90°, 180° or 270°,

noise injection.

Ll A o

4.5.2.2. CNN PRETRAINING

While the overall ABCG structure is unique, like all proteins it follows a modular architecture
with structural motifs present in other families, eg. the NBD. In principle contact maps are
able to identify secondary structure, a-helices, -sheets and their super-secondary structures,
eg. greek key motif, but also large conformational changes, eg. NBD dimerization. A CNN
learning from scratch only on ABCG data will have to learn both simple and common features
and ones specific to ABCGs in different conformations, on a small dataset.

In similar cases in general image recognition problems the approach is to use a model
pretrained on large general dataset of a similar kind, and fine-tune with a small problem
specific dataset. This allows the model to learn general complex features, and then utilize
pretrained filters to learn high level problem specific features on a much smaller dataset
without overfitting.

In this case the proposed approach would be to pretrain a CNN on a large protein contact map
dataset, to learn general protein structural motifs. Then fine-tune on the small ABCG dataset,
to learn ABCG conformation specific features.

5. CONCLUSIONS

The method shows promise for identifying state specific residue contacts in ABCG trans-
porters, but the lack of tested guideliness and best practices makes interpreting and utilizing
intermediate results difficult.

I consider a pretrained CNN to be the most promising approach to be tested next. CNNs
work well with complex unstructured data composed of composite local features. Provided
pretraining on larger diverse protein dataset goes well, the available ABCG experimental
structure dataset should be sufficient for fine tuning. For explainability a LRP implementation
based on original paper by (Bach et al., 2015) would have to be implemented for the current
versions of Keras and Tensorlow, which might take considerable time.
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