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Abstract

Proton dependent oligopeptide transporters (POTs) play a central role in nitrogen home-
ostasis by coupling the uptake of dipeptides and tripeptides to the proton electrochemical
gradient across the plasma membrane. In human, members of this transporter family, PepT1
and PepT2, are critical modulators of drug pharmacokinetics as they facilitate the uptake and
retention of numerous orally administered drugs including the b -lactam antibiotics. Ratio-
nally designing drugs to target these transporters is therefore an attractive approach to im-
proving bioavailability. To this end, the binding of peptides to a bacterial homolog, PepTSt,
was modelled based on recently determined crystal structures. A range of computational
methods to predict the free energy of binding were evaluated and a hybrid approach, where
the end-point methods were used to classify peptides into strong and poor binders and a
theoretically exact method for refinement, was able to accurately predict ligand affinities.
This approach was utilised to investigate the substrate preference of PepTSt and the results
were validated using in vitro transport assays. To extend this study to the human peptide
transporters, homology models of PepT1 and PepT2 were built using the crystal structures
of PepTSo and mouse and rat extracellular domains (ECDs) as the templates. Essential
residues as proposed by various mutational studies align well with the binding cavity, sug-
gesting that the models are structurally sound. Applying the free energy methods to predict
the affinities of peptides and drugs to the homology model of PepT1, however, resulted in
discrepancies with experimental data, highlighting the importance of a high-resolution crys-
tal structure in binding affinity predictions. Based on the results for PepTSt, a binding model
for peptide prodrugs and b -lactam antibiotics to the human PepT1 was proposed. Overall,
this thesis provides a framework for future computational studies using free energy methods
to understand drug interactions with pharmaceutically relevant transporters.
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Chapter 1

Introduction

Fundamental to the functioning of the living cell is its ability to control the traffic across its
plasma membrane. This thesis uses a computational microscope to examine the transloca-
tion of peptides and drugs into the cell facilitated by a membrane transporter. Studying the
behaviour of this protein allows for its future exploitation as a molecular delivery system.

1.1 Transport across the plasma membrane

The emergence of biological membranes marks a defining step during the creation of the first
living cells in the pre-biotic world (Schrum et al., 2010; Koch and Silver, 2005). Cellular
evolution has led to the incorporation of multiple species of lipids, proteins and carbohy-
drates, essentially increasing the complexity of the membrane, but most importantly making
it more versatile—the plasma membrane is not only a structural barrier but also a medium of
communication between the intracellular contents and the external world (Luckey, 2008).
The major components of the plasma membrane are the amphipathic phospholipids that
self-assemble to form a bilayer (Figure 1.1) (Bishop and Bell, 1988). Whilst this is able
to concentrate vital compounds within the cell for efficient chemical reactions, it creates a
further problem: the influx of nutrients and efflux of waste products are almost completely
abolished. The hydrophobic acyl tails of the lipids ensure a tight and impermeable bar-
rier surrounding the cytoplasm. Certain small and/or non-polar species like oxygen, carbon
dioxide and water⇤ can passively diffuse across the plasma membrane, but most polar so-
lutes like sugar and amino acids, as well as ions require a specialised conduit through which
they can pass. This is where membrane proteins come into the story. The presence of nu-

⇤In some tissues, e.g. in the kidney, water is required much faster than passive diffusion can supply, hence
the cells express specialised water channels, aquaporins (King et al., 2004), to meet this demand.
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Figs. 1.1: A schematic of the plasma membrane. (a) The chemical structure of 1-palmitoyl-2-oleoyl-
sn-glycero-3-phosphocholine (POPC), an example of a phospholipid. Another class of lipid found in
the plasma membrane is sphingolipid, whereby the glycerol core structure is replaced by sphingosine.
Other variants of the head group include phosphatidylserine (PS), phosphatidylethanolamine (PE)
and phosphatidylglycerol (PG). (b) A cross-sectional representation of a basic membrane bilayer.
Membrane proteins (green) are broadly classified into integral and peripheral membrane proteins;
the former typically spans the entire width of the bilayer, whilst the latter is attached to one side
of the bilayer through electrostatic interactions (e.g. via a pleckstrin homology (PH) domain) or
covalent bonds (e.g. glycosylphosphatidylinositol (GPI)-anchored protein). Orange ovals represent
cholesterols, which reside in between lipid tails and increase rigidity. Also, the composition of lipids
in the plasma membrane varies between different organisms and cell types. For example, a typical
membrane of a mammalian cell consists mostly of PC and sphingomyelin (Phillips and Dodge, 1967)
with some regions, like the apical side, enriched with PS and cholesetrol (Gerl et al., 2012). A typical
bacterial membrane, on the other hand, contains only PE, PG and cardiolipin (Goldfine, 1984).
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merous integral membrane proteins, broadly classified into channels and transporters based
on their mechanisms, gives the cell absolute control over the entry and exit of compounds
across the plasma membrane.

1.1.1 Channels and transporters

Channels are membrane proteins that form an aqueous pore penetrating the plasma mem-
brane to allow the movement of ions or water molecules (Hille, 2001). Permeation through
channels is passive, i.e. it relies only on the electrochemical or osmotic gradient and is not
coupled to the consumption of energy. The rate of diffusion across a channel is typically
of the order of 106 s�1 and 109 s�1 for ions and water, respectively, comparable to the rate
of diffusion in bulk solution. Despite transporting passively, channels are tightly regulated.
Firstly, ion channels are usually selective; potassium channels, for example, are capable of
distinguishing between K+ and Na+ such that the ratio of K+:Na+ traversing the channel
is above 1000:1 (Hille, 2001). Furthermore, most aquaporins are only permeable to water
molecules and do not allow the diffusion of ions at all (King et al., 2004). This is achieved by
a selectivity filter, a narrow segment at the beginning of the pore, along which the hydration
shell of ions is removed so diffusion can proceed in a single file manner.

Another way by which channels are controlled is via gating; external stimuli can induce
opening to allow the flow of ions/water molecules and closing to stop the flux. These stimuli
can include ligands, transmembrane pressure, potential, pH and temperature. Two structural
components exist to mediate the transduction of the signal from the external stimuli to the
opening or closing of the channel: i) a sensor that detects the stimuli, for example a ligand
binding site and ii) a gate, which physically obstructs the flow of permeant species during
the closed state. An accurate relay of information from the sensor to the gate is crucial for
the precise control of ionic flux. An example of a potassium channel is KcsA from bacteria
Streptomyces lividans, a homolog of human voltage gated Kv channels (Figure 1.2(a)).

Transporters are membrane proteins that couple a source of free energy to the move-
ment of solutes, often against their concentration gradient, effectively accumulating com-
pounds, such as nutrients, into the cytoplasm or actively removing undesired wastes into
the external milieu. The energy utilised by a membrane transporter comes from ATP (pri-
mary active transporter) or the electrochemical gradient (secondary active transporter).
Transporters undergo a cycle of large conformational changes involving substrate binding
and unbinding on opposite sites of the membrane, and therefore the rate of uptake is much
slower than a flux across a channel, typically between 1 to 1000 s�1. Transporters have two
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gates, one on the extracellular side and another on the cytoplasmic site, only one of which
can open at a time to obviate a continuous flow of substrates that would effectively turn them
into channels. Structurally, a transporter protein has a distinct substrate binding site, hence
only a discrete number of substrate molecule can be translocated in every cycle, unlike a
channel, which allows thousands to millions of ions/water to pass through simultaneously
once it is opened. An example of a transporter is the potassium transporter KtrAB found in
bacteria, archaea, fungi and plants (Figure 1.2(b)).

As more biophysical and crystallographic data are collected, however, the distinction
between transporters and channels is becoming less clear (Ashcroft et al., 2009). This is
exemplified by the cystic fibrosis transmembrane conductance regulator (CFTR), which is
a chloride channel despite its structural and sequence homology to ATP-binding cassette
(ABC) transporters (Gadsby et al., 2006). In addition, the CLC family consists of both chlo-
ride channels and proton-chloride exchangers that share similar overall topology and key
residues for ion binding (Miller, 2006; Accardi and Picollo, 2010). Furthermore, channel-
like ionic leaks have been observed in several neurotransmitter transporters, for example
the glutamate transporter and its bacterial homolog (Veruki et al., 2006; Ryan and Mindell,
2007). This evidence suggests that a channel is perhaps just a “broken” transporters that has
lost one of its gates through evolution.

1.1.2 Primary and secondary active transporters

Primary active transporters utilise a direct source of energy from ATP hydrolysis and are
often referred to as pumps (Figure 1.3(a)). There are two classes of ATP-powered protein
pumps: ATPases and ABC transporters (Lodish et al., 2000); the former responsible to
transport ions, while the latter facilitate the uptake of small molecules such as amino acids,
sugars, peptides and vitamins.

The source of energy employed by secondary active transporters is the potential en-
ergy stored in a transmembrane ionic gradient (Figure 1.3(b)). The movement of these ions
down their concentration gradient instigates a conformational change that simultaneously
drives the uphill uptake of substrates. Mechanistically, secondary active transporters can be
subdivided into two groups: i) symporters, for which the transported substrate and the cou-
pled ion(s) move in the same direction, and ii) antiporters, for which substrate and ion(s)
are exchanged or move in the opposite direction†.

†Of note, there is another type of transporter, i.e. the uniporter that allows the binding and transport of one
molecule (substrate) at a time down its concentration gradient. A good example is the mammalian glucose
transporter GLUT1 (Deng et al., 2014), which when compared to its bacterial homolog, the proton-dependent
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(a) (b)

selectivity 
filter

gate

extracellular

intracellular

Figs. 1.2: Crystal structures of a membrane channel and transporter. (a) KcsA is bacterial potassium
channel made of four identical subunits coloured in blue, green, orange and red. The positions
of the selectivity filter and the gate are indicated. The structure is taken from Uysal et al. (2011)
(PDB ID: 3PJS) and was solved to 3.9 Å resolution. (b) KtrAB is a bacterial potassium transporter
made of a homodimeric KtrB membrane transport domain (red and orange) and an octameric KtrA
cytoplasmic regulatory domain (blue and green). The structure was solved at 3.5 Å resolution by
Vieira-Pires et al. (2013) (PDB ID: 4J7C). Two black lines represents the approximate position of
the plasma membrane.

ATP ADP + Pi

ions ions ionssubstrate

substrate

(a) (b)

extracellular

intracellular

Figs. 1.3: Primary and secondary active transporters. (a) A schematic of a primary active trans-
porters. A nucleotide binding domain (red) is often attached to the transmembrane domain (green)
to couple ATP hydrolysis to ionic transport. (b) Two types of secondary active transporter: symport
(left) which facilitate the uptake of substrate in the same direction as the ionic gradient, and antiport
(right) that transport substrate in the opposite direction compared to the ionic gradient.
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The two most common species coupled to substrate transport by these proteins are
sodium ions and protons; the former is more prominent than the latter in eukaryotes, whilst
both are featured equally in prokaryotes (Saier, 2000). In most tissues of a multi-cellular
eukaryote, stringent pH homeostasis maintains a negligible difference between cytoplasmic
and external pH (Casey et al., 2010), thus the weak transmembrane proton gradient results in
the cell resorting to other ionic gradient, for example that of sodium, as a source of energy.
Peptide transporters are examples of the very few eukaryotic membrane transporters that are
driven by proton electrochemical gradient. By contrast, bacteria have little control over the
extracellular environment within which they grow, and therefore internal and external pH
difference can be quite pronounced such that they can harness the transmembrane proton
gradient as an energy source (Krulwich et al., 2011).

1.1.3 Structural and mechanistic studies of secondary active transporters

Secondary active transporters are essential in various important metabolic processes like
nutrient uptake, pH homeostasis and neurotransmitter regulation, and have been implicated
in multiple diseases such as depression and cancer. As such, they have been one of the
primary foci for structural biology, as understanding their three dimensional architecture is
instrumental to elucidating their molecular mechanism.

Alternating access model

Long before the first X-ray crystal structure of a secondary active transporter was pub-
lished, a simple mechanistic model was formulated by Jardetzky (1966). The model pro-
posed three simple features that must be met by a transporter (referred to as “pump” in
the original paper‡) to conduct active transport: i) it must have a binding cavity that fits a
substrate molecule, ii) it can adopt two conformational states, one where the binding cav-
ity is exposed to the extracellular side (outward open), and another where it is opened to
the intracellular side (inward open), and iii) the affinity of the binding site for the substrate
molecule must differ in these two states. Active transport begins with the substrate binding
to the transporter from the side of the membrane where substrate concentration is low. This
is followed by a conformational change triggered by an additional process (Jardetzky (1966)

xylose transporter, XylE, has an asparagine in place of a key aspartate residue. This suggests that a uniporter
is essentially a permanently protonated symporter, hence has lost the ability to conduct active transport.

‡At the time this model was proposed, little is known regarding the distinction between the primary active
pumps and secondary active transporters. The sodium-potassium pump was used as an example to illustrate
the model, hence the involvement of phosphorylation to drive the conformational change.



1.1 Transport across the plasma membrane 7

substrate

Outward
open

Inward
open

low 
concentration

high 
concentration

Figs. 1.4: The alternating access mechanism pro-
posed by Jardetzky (1966). The model suggests
that a transporter explores two configurational
states such that the binding site is exposed to one
side of the membrane in one configuration and to
the opposite site in the other. Two black lines rep-
resents the plasma membrane.

used phosphorylation/ATP hydrolysis as an example), which lowers the binding affinity and
results in substrate release to the side of the membrane where its concentration is higher
(Figure 1.4). This coupling factor, in the case of secondary active transporter is the ionic
gradient, is responsible in driving the uphill uptake of substrate. The model has since been
called the “alternating access mechanism” referring to the fact that the binding site can only
be accessed from one side of the membrane at any given point.

Common structural folds

The first X-ray crystal structures of a secondary active transporter were of the proton-
dependent lactose permease LacY (Abramson et al., 2003) (Figure 1.5(a)) and the phos-
phate glycelrol-3-phosphate antiporter GlpT (Huang et al., 2003) from E. Coli. These two
transporters belong to the major facilitator superfamily (MFS) (Pao et al., 1998) and there-
fore share a similar overall fold. They have twelve transmembrane helices that form two
bundles, i.e. the N-terminal bundle consists of H1 to H6 and the C-terminal bundle H7 to
H12. These two helical bundles are related by an approximate two-fold pseudo-symmetry
axis perpendicular to the plane of the membrane (Forrest, 2013). What this means is if
the structure is viewed in the plane of the membrane, H1 would appear symmetrical to H7
with respect to a central imaginary axis along the membrane normal. Accordingly, H2 is
symmetric to H8, H3 to H9, and so forth. These helical bundles can therefore be superim-
posed with each other with a relatively low RMSD value, for example, 2.2 Å Ca RMSD for
LacY. This observation is rather unanticipated given the low sequence homology between
the corresponding helices. The crystal structures also revealed a substrate binding site in
the middle of the two terminal bundles, which is only accessible to solvent from the cyto-
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(a)

(b)

periplasm

intracellular

intracellular

extracellular

N-term C-term

H1 H7

H1

H6 H12

H5 H10

N-term

C-term

H6

Figs. 1.5: Two common structural folds found in the secondary active transporters. (a) The crystal
structure of LacY (PDB ID: 1PV6) representing the MFS fold. On the left, the structure in cartoon
representation coloured in rainbow (from blue to red) for each repeat unit. The approximate position
of the substrate binding site is indicated by the red circle. On the right, two pairs of helices are high-
lighted to demonstrate the pseudo-symmetry, with the axis displayed as a dashed line. (b) The crystal
structure of LeuT (PDB ID: 2A65) representing the LeuT fold displayed in a similar representation
as LacY with the pseudo-symmetrical axis shown by the black ellipsoid. Two black lines represents
the approximate position of the plasma membrane.
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plasmic side—hence, both structures are termed inward open. They were therefore the first
structural confirmation of the alternating access model proposed 40 years earlier (Jardetzky,
1966).

Two years later, another crystal structure of a secondary active transporter with a novel
structural fold was published. The structure was of a sodium/leucine symporter LeuT (Fig-
ure 1.5(b)) from bacteria Aquifex aeolicus (Yamashita et al., 2005). LeuT is a homolog of
the neurotransmitter/sodium symporters (NSS) (Jack et al., 2000). The structure consists of
twelve transmembrane helices, although only ten of which are deemed the core structure.
An internal structural repeat can also be observed, where a pseudo-two-fold symmetry axis
relates H1 to H5 with H6 to H10. Unlike LacY, however, the axis of symmetry is parallel
to the membrane. In other words, when viewed along the plane of the membrane, to su-
perimpose the two helical bundles, one has to be turned 180° upside down, in contrast to a
180° sideway rotation for LacY. Substrate and sodium binding sites are found between H1
and H6, where the a-helices are shortly disrupted. These binding sites are not accessible
to solvent from either side of the membrane, but, due the the extracellular side of the trans-
porter being more opened, the structure is categorised as outward occluded. Viewed in the
context of Jardetzky’s alternating access model, the structure introduces a new intermediate
configuration through which a transporter must undergo between the outward open and the
inward open states, wherein both sides of the binding cavity are blocked (Gouaux, 2009).

Subsequent structural studies elucidated the crystal structures of numerous other sec-
ondary active transporters, most of which can be classified into either the MFS or the LeuT
fold. These structures expand the alternating access model by identifying new conforma-
tional intermediates between the two end states proposed by Jardetzky (1966) (Figure 1.6).
Whilst most of the earlier structural data of secondary active transporters were derived from
bacteria, the number of crystal structures of eukaryotic transporters has begun to increase in
the past few years. Amongst the first to be crystallised were a fungal phosphate transporter
PipT (Pedersen et al., 2013), a dopamine transporter from Drosophila melanogaster dDAT
(Penmatsa et al., 2013), a plant nitrate transporter NRT1.1 (Parker and Newstead, 2014; Sun
et al., 2014) and a human glucose transporter GLUT1 (Deng et al., 2014).

Some secondary active transporters have a unique architecture that does not belong to ei-
ther the MFS or LeuT fold. These include the glutamate transporter homolog GltPh (Yernool
et al., 2004), the sodium/proton antiporter NhaA (Hunte et al., 2005) and the proton-coupled
chloride exchangers ClC (Dutzler et al., 2002; Miller, 2006).



1.1 Transport across the plasma membrane 10

ou
tw

ar
d

op
en

ou
tw

ar
d

oc
cl
ud

ed
oc

cl
ud

ed
in
w
ar
d

oc
cl
ud

ed
in
w
ar
d

op
en

DA
T

4X
P1

Le
uT

2A
65

M
hp

1
4D

1B
Be

tP
2W

IT
Ca

iT
2W

SW

(b
)

(a
)

Fu
cP

3O
7Q

Xy
lE

4G
BY

Em
rD

2G
FP

Pe
pT

So
4U

VM
La

cY
1P

V6

Fi
gs

.1
.6

:
C

ro
ss

se
ct

io
na

ls
ur

fa
ce

re
pr

es
en

ta
tio

ns
of

X
-r

ay
cr

ys
ta

ls
tru

ct
ur

es
of

va
rio

us
se

co
nd

ar
y

ac
tiv

e
tra

ns
po

rte
rs

in
di

ff
er

en
tc

on
fo

rm
at

io
na

l
st

at
es

.
(a

)T
ra

ns
po

rte
rs

in
th

e
M

FS
fo

ld
an

d
(b

)t
ra

ns
po

rte
rs

in
th

e
Le

uT
fo

ld
.

D
ot

te
d

ci
rc

le
s

re
pr

es
en

tt
he

ap
pr

ox
im

at
e

po
si

tio
n

of
th

e
bi

nd
in

g
si

te
.W

he
re

av
ai

la
bl

e,
bo

un
d

su
bs

tra
te

s
ar

e
re

pr
es

en
te

d
by

or
an

ge
sp

he
re

s.



1.2 Proton-dependent oligopeptide transporters 11

1.2 Proton-dependent oligopeptide transporters

Nutrient uptake is a critical component of transmembrane transport for all living organisms.
In eukaryotes, specialised cells have evolved to have a membrane studded with transport
proteins giving the ability to efficiently absorb nutritional compounds. This is exemplified
by the mammalian digestive system, wherein nutrients are broken down into their molecu-
lar constituents and taken up into the blood circulation. One key nutrient is protein, which
is the building block of tissues and a source of energy. Protein is digested first by salivary
enzymes in the oral cavity and then by a mixture of proteases and peptidases in the stomach.
It was first thought that all dietary proteins were broken down into amino acids for intestinal
absorption, but the time scale of this process is prohibitively long (Frankel, 1916), suggest-
ing that other strategies are also employed. Early studies with extracts from brush border
membranes revealed high intracellular peptidase activities, indicating that not all oligopep-
tides are hydrolysed in the lumen. Di- and tripeptides were found to be accumulated inside
the cytoplasm and their transport was separate from that of amino acid (Addison et al., 1975;
Himukai et al., 1978; Webb et al., 1992). It was also demonstrated that an increase in intra-
cellular peptide concentration was accompanied by an increase in membrane depolarisation
(Boyd and Ward, 1982) and that an inwardly directed proton gradient stimulated peptide up-
take (Ganapathy and Leibach, 1983). These data point towards a distinct proton-dependent
peptide uptake system—the proton-coupled oligopeptide transporters (POTs).

1.2.1 The SLC15 gene family

The dawn of recombinant DNA technology brought forth expression cloning of the first
mammalian POT from rabbit small intestine (Fei et al., 1994), followed later by its human
homolog (Liang et al., 1995). Homology screening using a probe derived from the cDNA
of the intestinal POT isolated another isoform from kidney (Liu et al., 1995). The intesti-
nal isoform was named PepT1 and the renal isoform PepT2. Based on the HUGO Gene
Nomenclature Committee (HGNC), these genes encoding PepT1 and PepT2 are designated
members of the SLC15 family (Daniel and Kottra, 2004). So far, this family has four mem-
bers, PepT1 (SLC15A1), PepT2 (SLC15A2), PHT1 (SLC15A4) and PHT2 (SLC15A3). The
PHT proteins have very low sequence homology with the rest of the family, and currently
very little is known in regards to the function of the proteins; they are therefore beyond the
scope of this thesis.

PepT1 and PepT2 share around 50% sequence identity and 70% similarity. Hydropathy
analysis (Kyte and Doolittle, 1982) of the primary amino acid sequence for both proteins
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the PEPT1 studies served as a positive control, there
are no studies in which PEPT2-specific antibodies have
been tested in intestine. As shown in Fig. 6 (A and C),
strong immunofluorescent staining was seen for PEPT1
in the brush border of villi in the jejunum. The intensity
of staining was weaker in crypt cells, and no staining
was detected in goblet cells. In agreement with our
immunoblot experiments, PEPT2 could not be detected
in the brush border of intestinal villi (data not shown).

DISCUSSION

Peptide transporters have been studied extensively
because of their physiological, pharmacological, and
clinical importance and because of potential applica-
tions in drug delivery and targeting (1, 2, 14). In this
regard, the intestine and kidney are pivotal for the
conservation and regulation of peptide-bound amino
acids. In addition to this physiological attribute, oligo-
peptide transporters have a significant role in the
absorption, disposition, and efficacy of a variety of
peptidomimetic drugs used for the treatment of infec-
tion (e.g., !-lactam antibiotics), hypertension (e.g., an-
giotensin converting enzyme inhibitors), and cancer
(e.g., bestatin). Furthermore, there are advantages of
dipeptide mixtures over free amino acid mixtures and,
when coupled to peptide transporter function, dipep-
tides may have therapeutic value as a nitrogen source
for enteral and parenteral nutrition.

Despite the significance of peptide transporter pro-
cesses, few studies have addressed their tissue distribu-
tion and localization, especially at the level of protein
expression. For example, Western blot analyses have
detected PEPT1 protein in brush-border membranes
prepared from rat small intestine and kidney cortex
(20). Using an anti-PEPT1 antibody (19), immunofluo-
rescence localization of PEPT1 protein was further
established along the rat digestive tract and villus-
crypt axis. Thus positive staining for PEPT1 was
observed in the small intestine (duodenum, jejunum,
and ileum), but not in the esophagus, stomach, colon or
rectum. Absorptive epithelial cells in the villi were
highly enriched for PEPT1 protein; however, crypt and
goblet cells showed little or no staining. Our immunolo-
calization studies with PEPT1 were consistent with
that of others (19) and further demonstrate that PEPT2
was not present in the brush border of intestinal villi.

No studies have, as yet, been reported with respect to
the immunolocalization of PEPT1 and PEPT2 in kid-
ney. Some investigators (6, 14) have proposed that the
distribution of peptide transporters is heterogeneous in
kidney such that PEPT2 is responsible for peptide
reabsorption in more proximal parts and PEPT1 in
more distal parts of the nephron. Such conjecture was
based on a scenario in which filtered di- and tripeptides
are immediately reabsorbed in proximal regions by a
high-affinity/low-capacity transporter. On the other
hand, larger peptides and proteins would be hydrolyzed
by various peptidases as they pass down the tubule
and, as a result, an advantageous reabsorption of
increasing amounts of small peptides could occur in

distal regions by a low-affinity/high-capacity trans-
porter. In conflict with this scenario is a recent study in
which the mRNA expression of rat PEPT1 and PEPT2
was evaluated using RT-PCR of microdissected rat

Fig. 6. Immunolocalization of PEPT1 in rat small intestine. Strong
immunostaining was detected for PEPT1 in the brush border of
jejunum, whereas crypt cells were weakly fluorescent and goblet cells
were negative (A and C). Immunostaining was blocked by preincuba-
tion of the antisera with synthetic peptide used to raise antibody (B).
White marker bar in C is equivalent in length to 95.2 µm for A and
B and to 47.6 µm for C.
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luted segments. It is also clear that the PEPT1 trans-
porter is specifically localized in the apical border of
proximal tubules. No specific fluorescence was ob-
served in glomeruli or other tubular segments.

The immunolocalization pattern of PEPT2 was very
different in rat kidney, compared with PEPT1. In this
regard, PEPT2-specific staining was restricted to the
outer stripe of outermedulla, which includes the medul-
lary rays protruding into the deeper cortical regions
(Fig. 5, A–C). Specific staining was absent in outer
cortex, inner stripe of outer medulla, inner medulla,

and papilla. High-power magnification (Fig. 5, D and F)
shows PEPT2-specific immunostaining to be localized
in the apical border of proximal tubules. Cortical
staining was also observed in proximal tubule seg-
ments within a medullary ray (i.e., corresponds to
distal straight part of S2 and S3 segments) but not in
those in S1 segments (Fig. 5, B andF). Specific immuno-
fluorescent staining was not detected in glomeruli or
other tubular segments.

Further studies were performed on the immunolocal-
ization of PEPT1 and PEPT2 in rat intestine.Although

Fig. 5. Immunolocalization of PEPT2
in rat kidney proximal straight tubule
segments. Low magnification (A–C)
showed strong PEPT2-specific immuno-
staining in outer but not inner stripe of
outer medulla (C), some staining in
deeper cortical regions (B), and no stain-
ing in outer cortex (A). Higher magnifi-
cation (D–F) showed bright immuno-
fluorescent staining of the brush border
for PEPT2 and no staining for the baso-
lateral membrane (D).All staining com-
pletely disappeared when the section
was probed with antiserum preincu-
bated with PEPT2 immunizing peptide
(E). In the deeper cortical regions, S1
segments showed negative fluorescence
(B and F), whereas other segments of
proximal tubule within the medullary
ray (i.e., corresponding to distal straight
part of S2 and S3 segments) were
heavily fluorescent. Sections contain-
ing the inner medulla and papilla were
negative (data not shown). In F, ‘‘g’’ is
glomerulus. Thick white marker bar at
bottomright in C is equivalent in length
to 95.2 µm for A–C, 47.6 µm for D and
E, and 23.8 µm for F. Thin white line on
left in C separates outer and inner
stripes of outer medulla.

F662 LOCALIZATION OF OLIGOPEPTIDE TRANSPORTERS

(c)

Figs. 1.7: Membrane topology and expression of mammalian POTs. (a) The topology of PepT1
and PepT2 as suggested by hydropathy analysis (Fei et al., 1994) and epitope-tagging experiments
(Covitz et al., 1998). (b) Immunolocalisation of PepT1 in rat small intestine. (c) Immunolocalisation
of PepT2 in rat kidney proximal tubule. Both transporters are found on the apical membrane of brush
border cells. Figure (b) and (c) are taken from Shen et al. (1999).
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suggested the presence of twelve membrane-spanning domains, typical of MFS transporters
(Figure 1.7(a)). Utilising an epitope insertion methodology, Covitz et al. (1998) validated
this topology and confirmed the positions of the intra- and extracellular loops as well as
the C-terminal. Intriguingly, this topology suggests the existence of a large extracellular
domain (ECD) linking H9 and H10 that is unique to mammalian POTs and completely
absent in bacterial, fungal and plant homologs. PepT2 is slightly longer with 729 amino
acids compared to 708 in PepT1, with the additional residues found on the cytosolic N-
terminal. Two and five putative phosphorylation sites are present in PepT1 and PepT2,
respectively. PepT1 has seven putative N-glycosylation sites whereas PepT2 has five, and
congruently based on Western blot analysis, they exhibit different levels of glycosylation
(Boll et al., 1996).

The expression of PepT1 and PepT2, respectively, is not limited to the small intestine
and kidney. PepT1 shows a high degree of expression in the liver with a lower level of
expression also observed in some tissues in the brain like the cerebellum (Fei et al., 1998).
Both transporters are found in the proximal tubule of the kidney but their localisations are
different; PepT1 is expressed in a segment closer to the glomerulus whilst PepT2 is found
in the proximity of the loop of Henle (Shen et al., 1999). PepT2 is more widely expressed
with its mRNA also found in the lung (Groneberg et al., 2001), mammary gland (Groneberg
et al., 2002) and cardiomyocytes (Lin and King, 2007). In the brain, PepT2 is expressed
in astroglia where it transports the dipeptide CysGly, a precursor for the synthesis of glu-
tathione (Dringen et al., 1998), and in the choroidal epithelial cells where it facilitates the
efflux of peptides from cerebrospinal fluid into the blood (Shu et al., 2002). Wherever they
are expressed, however, PepT1 and PepT2 are always found on the apical side of the brush
border membrane (Figure 1.7 (b) and (c)). A network of coordinated actions is present be-
tween the mammalian POTs and other membrane proteins found in the intestinal epithelial
cells, such as the sodium-proton exchanger, NHE3, and the sodium-potassium pump, to
maintain cellular ion concentrations whilst absorbing nutrients (Figure 1.8).

1.2.2 Substrate specificity of PepT1 and PepT2

The substrates of PepT1 and PepT2 are practically all physiological di- and tripeptides; if
the twenty naturally occurring amino acids are considered, these amount to a total of 8400
compounds. It is worth acknowledging, however, that not all of these compounds have been
experimentally tested for uptake activity with the transporters§, and some large tripeptides

§Functional studies of PepT1 and PepT2 are usually performed in whole cell assays, e.g. the Caco-2 cell
monolayer. Substrate affinities are determined using competition uptake assays with 13C-Glysar typically used
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Figs. 1.8: A schematic representation of epithelial cells in the small intestine, highlighting the inter-
play between PepT1 and other membrane proteins. Na+/K+ ATPase on the basolateral membrane
pumps two K+ ions into and three Na+ ions out of the cell, creating a Na+ gradient, i.e. fewer
Na+ ions inside the cell than the outside. To restore the intracellular Na+ concentration, a Na+/H+

exchanger, NHE3, on the apical membrane take up Na+ ions whilst removing protons, effectively
increasing the external proton concentration. PepT1 uses this proton electrochemical gradient to ac-
tively transport di- and tripeptide from the intestinal lumen into the epithelial cells, in which they are
hydrolysed into amino acids before being moved into the blood circulation by basolateral membrane
carriers. The figure is adapted from Daniel and Spanier (2006).
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like TrpTrpTrp have been demonstrated to bind with high affinity but not transported, and
are therefore competitive inhibitors (Biegel et al., 2005, 2006). Even so, the binding cavity
of PepT1 and PepT2 have evolved to be very promiscuous to accommodate such a vast
number of different substrates. There are only four transporters involved in the uptake of
peptides (the SLC15 family), compared to seven transporters designated for amino acids
and 26 for sugars, indicating that most secondary active nutrient transporters are substrate
specific and the promiscuity of PepT1 and PepT2 is unique.

Although these transporters are able to translocate a diverse set of compounds, the affin-
ity at which they interact greatly varies according to the size and chemical nature of the
substrate (for an in depth review, see Brandsch et al. (2004)). First of all, it was established
early on that neither amino acids nor tetra- and pentapeptides bind to the transporters (Adibi
and Morse, 1977; Ganapathy et al., 1981). Both the amino and carboxyl termini are indis-
pensable for peptide recognition, with the methylation or acetylation of the former greatly
aggravating binding while similar modification to the latter also reduces affinities but to a
lesser extent (Addison et al., 1975; Eddy et al., 1995; Brandsch et al., 1999; Meredith et al.,
2000). The peptide bond, on the other hand, is not essential. Brandsch et al. (2004) replaced
the amide linkage of GlyGly with a ketomethylene group and measured similar Ki values
for PepT1. A similar result was documented for the renal isoform PepT2 (Daniel and Adibi,
1994).

PepT1 and PepT2 have a strong preference for hydrophobic side chains like valine,
phenylalanine and tryptophan (Vig et al., 2006; Biegel et al., 2006). Any charged peptide
has a significantly lower affinity than its neutral counterpart. For example, both LysLys
and GluGlu have inhibition constants, Ki, in the mM range for PepT1, compared to 80 µM
for AlaAla (Eddy et al., 1995; Terada et al., 2000b). The binding of anionic and cationic
peptides is also pH dependent, as illustrated by the increase in affinity of dipeptides with
negatively charged residues at lower pH, suggesting that the transporters favour the zwit-
terionic form of a charged peptide (Amasheh et al., 1997; Fei et al., 1999). Additionally,
measurements of inward current in X. laevis oocytes indicated a different stoichiometry
between a neutral and an anionic peptide, i.e. 1:1 peptide to proton ratio for the former,
but 2:1 for the latter, implying that one additional proton is required to neutralise the side
chain (Steel et al., 1997; Chen et al., 1999). Peptides with an N-terminal proline residue
showed very weak binding, but positioning the same residue on the C-terminus results in
high affinity, suggesting that the binding cavity is not symmetrical (Brandsch et al., 1999).

as the reporter substrate. The usual metrics used to compare between different substrates are the inhibition
constant Ki and IC50 values. This will be discussed in depth in §2.4.
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Table 1.1: Different affinities of peptides to PepT1 and PepT2

Ki (mM)
Peptide PepT1 PepT2
AlaAla 0.10 0.006
AlaAsp 0.26 0.014
CysGly 0.20 0.029
LeuPro 0.11 0.010
PheAla 0.11 0.016

AlaAlaAla 0.18 0.018
AlaAspAla 0.72 0.079
MetMetMet 0.10 0.002

Ki measured in competition transport as-
says performed in Caco-2 (PepT1) and SPKT
(PepT2) cell monolayers using 14C-Glysar as
the reporter substrate (Biegel et al., 2006).

Peptide binding to PepT1 and PepT2 is also stereospecific. L-L-dipeptides or L-L-L-
tripeptides display remarkably higher affinity than an equivalent D-amino acid containing
peptide (Lister et al., 1995). In a systematic study using ValVal dipeptide and ValValVal
tripeptide, Li et al. (1998) demonstrated that isomers having more than two D-Val residues
do not interact with PepT1 at all. Dipeptides with only one D-isomer on the N-terminus,
however, are accepted, as exemplified by D-Phe-L-Gln and D-Phe-L-Ala (Meredith et al.,
2000; Theis et al., 2002).

Whilst the overall substrate preference of PepT1 and PepT2 is virtually identical, bind-
ing affinities recorded for the same peptides notably differ. This observation led to the
designation of PepT1 as the “high capacity, low affinity” isoform, whereas PepT2 the “high
affinity, low capacity” isoform (Smith et al., 2013). These names are given in reference to
the striking difference of the kinetics parameters, i.e. the Km (affinity) and Vmax (capacity),
of these two transporters. For most substrates, affinities to PepT2 are at least ten times
higher than to PepT1, as illustrated in Table 1.1. Under comparable experimental settings,
the range of Km values measured for PepT1 is from 0.2 mM to 10 mM, whereas for PepT2
is from 5 µM to 0.5 mM (Rubio-Aliaga and Daniel, 2002). Nonetheless, little is currently
known about the structural origin of these discrepancies, although various chimeric studies
have been performed to shed light on this issue (Doring et al., 1996; Döring et al., 2002; Fei
et al., 1998). Their results, however, are inconclusive and, at times, contradictory.
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1.2.3 Conserved motifs from bacteria to human

In simpler organisms without a fully developed digestive track, a peptide uptake system
is also important to acquire nitrogen, which is fundamental for cellular metabolism. Bac-
teria have three different ways to absorb peptides from its environment: the oligopeptide
permease (Opp), the dipeptide permease (Dpp) and the POTs. The first two are ABC trans-
porters; the Opp is able to transport peptides with four to eighteen residues (Detmers et al.,
1998), whereas the Dpp can only transport dipeptides. Another proton-dependent sym-
porter catering for tetra- and pentapeptides, the oligopeptide transporter (OPT), is present in
yeast, but bears no sequence resemblance to the POT family. To date, only the POT family
is ubiquitously found from bacteria to man (Daniel and Spanier, 2006), with it being the
exclusive peptide transport system for higher order eukaryotes. In contrast, plants gain ni-
trogen primarily through the uptake of nitrate from the soil. This is achieved through nitrate
transporters that are phylogenetically classed into the broader proton-dependent symporter
family called NPF (Nitrate transporter 1/Peptide transporter Family), the substrates of which
include nitrate, peptides, amino acids, dicarboxylate and glucosinolate (Léran et al., 2014).
In spite of the various ways of acquiring nitrogen across different kingdoms of life, the POT
family shows a high degree of sequence similarity.

There are three small stretches of residues, or motifs, that are universally conserved
amongst the POT transporters. These are the POT, PTR2-1 and PTR2-2 motifs (Figure 1.9)
(Daniel and Spanier, 2006). The POT motif is found in H1, the PTR2-1 motif in the loop
linking H2 and H3, while the PTR2-2 motif is located in H5. Functional studies have shown
that these conserved domains do affect peptide uptake activity. The crystal structure of a
bacterial homolog from S. thermophilus PepTSt revealed that the POT motif forms a signif-
icant portion of the binding cavity and point mutations to most residues within this region
abolished transport (Solcan et al., 2012). Intriguingly, in a plant nitrate transporter NRT1.1,
two aromatic residues (Tyr30 and Tyr31 in human PepT1) are replaced by a threonine and
leucine, respectively. Crystallographic data suggest that having smaller side chains at these
positions helps nitrate bind and at the same time precludes peptide recognition and transport
(Parker and Newstead, 2014; Sun et al., 2014), pointing towards the role of the POT motif
in substrate selectivity. Döring et al. (2002) performed a chimeric study on rabbit PepT1
and PepT2 and proposed that residue 60-91, wherein lies the PTR2-1 motif, act as a pH
sensor for the protein. Additionally, mutation at Tyr167 of human PepT1, which is found
in the PTR2-2 motif, to any other residue eliminated uptake activity (Yeung et al., 1998),
whereas alanine scanning mutagenesis of this domain altered the substrate preference of
yeast peptide transporter Ptr2p (Hauser et al., 2005).
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Figs. 1.10: The crystal structure of PepTSo. (a) The structure is depicted in cartoon representation
and coloured in rainbow from blue (N-terminal) to red (C-terminal), and additional helices HA and
HB illustrated in grey. The position of the peptide binding site and extracellular cavity are marked
with a dashed circle and inverted triangle, respectively. (b) A topology diagram of PepTSo displayed
in the same colour as (a). The approximate position of the membrane bilayer is highlighted by the
two black bars.

1.2.4 Crystal structures of bacterial homologs

Table 1.2: Available crystal structures of bacterial POTs

Name Conformation Resolution (Å) PDB ID
PepTSo Inward occluded 3.0-3.6 2XUT, 4UVM
PepTSt Inward open 2.4-3.3 4APS, 4D2B, 4D2C, 4D2D
GkPOT Inward open 1.9-2.4 4IKV, 4IKW, 4IKX, 4IKY, 4IKZ
PepTSo2 Inward open 3.2-3.9 4LEP, 4TPJ, 4TPH, 4TPK
YbgH Inward open 3.4 4Q65

YePepT Inward open 3.0 4W6V

Given the high sequence homology within the POT family, as exemplified by the three
signature motifs, it is reasonable to use POT transporters from simpler organisms as model
systems to study human PepT1 and PepT2. To this end, X-ray crystallography has been
employed to elucidate the three dimensional structure of bacterial POT transporters, from
which the molecular details of how they operate can be inferred. So far, the structures of five
peptide transporters from four different species of bacteria have been solved (Table 1.2).

The first of these structures was PepTSo from Shewanella oneidensis, which was solved
to 3.6 Å resolution by Newstead et al. (2011). This paper provided a first look at the molec-
ular architecture of the POT family and confirmed that they belong to the MFS. As il-
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lustrated in Figure 1.10, PepTSo is made of a twelve-transmembrane-domain core, within
which lie the pseudo-symmetric repeats similar to the prototypical MFS transporter LacY
(Figure 1.5(a)). Intriguingly, the structure showed two additional transmembrane helices
inserted between the N- and C-terminal bundles, called the HA and HB. They are shorter
than the other helices and form a hairpin on the periphery of the core domains. The central
cavity is occupied by electron density the size of a dipeptide, although due to the low reso-
lution, the identity of this compound could not be confirmed. This cavity was designated the
peptide binding site owing to its similarity to where a sugar analog binds to LacY. Most of
the key residues are also found lining the cavity, lending further support to this claim. The
structure was described as “inward occluded” as the binding site is not accessible from both
sides of the membrane but is more open on the cytoplasmic end. An additional cavity exists
between H7 and H11 and is exposed to the extracellular side, hence called the extracellu-
lar cavity. A new crystal structure of the same transporter was recently solved to a higher
resolution of 3.0 Å (Fowler et al., 2015). Following PepTSo, Solcan et al. (2012) solved the
crystal structure of PepTSt from Streptococcus thermophilus to a resolution of 3.3 Å in an
inward open structure, providing a new conformational state for the POT family.

Substrate binding site

What was missing from the crystal structures of PepTSo and PepTSt is a detailed illustration
of how a substrate molecule interacts with the transporter in the binding cavity. Succeeding
crystal structures of two other bacterial POTs and peptide bound PepTSt tried to address this
question. The first depictions of ligand binding to a POT transporter came from a complex
of the dipeptide analog Alafosfalin and a POT from the bacterium Geobacillus kaustophilus
(GkPOT) (Figure 1.11(a)) (Doki et al., 2013). The crystals diffracted to a high resolution
of 1.9 Å. The structure revealed several major interactions made between Alafosfalin with
residues from the POT motif in H1. These were assumed to stabilise the phosphate terminal
of the molecule, strengthening the argument that this invariably conserved region is instru-
mental in substrate recognition. Doki et al. (2013) also proposed that the essential residue
Glu310 on H7 is crucial for proton coupling, as E310Q binds to the phosphate group, sug-
gesting that a protonated glutamate residue at this position stabilises the carboxyl terminus
of a peptide.

About the same time as this structure was published, another Alafosfalin bound POT
structure was elucidated by Guettou et al. (2013) (Figure 1.11(b)), albeit to a lower resolu-
tion (3.2 Å). The structure is of another homolog from S. oneidensis, PepTSo2, and is also in
an inward open state. Compared to the GkPOT structure, the position of Alafosfalin appears
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Figs. 1.11: Substrate binding site of bacterial POTs, highlighting key residues interacting with the
ligand and helices on which they are found. (a) The binding of a peptide analog Alafosfalin to
GkPOT (PDB ID: 4IKZ) (Doki et al., 2013). (b) The binding of Alafosfalin to PepTSo2 (4LEP)
(Guettou et al., 2013). (c) The binding of a dipeptide AlaPhe to PepTSt (4D2C) (Lyons et al., 2014).
(d) The binding of a tripeptide AlaAlaAla to PepTSt (4D2D) (Lyons et al., 2014). Residues from
the N-terminal bundle are shown in purple and the C-terminal bundle in magenta, while ligands are
shown in green.
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to be shifted towards the cytoplasmic side by about 4.5 Å, as a result of which, different in-
teractions are observed especially with the C-terminal phosphate. Despite these differences,
the general orientation of Alafosfalin in the binding cavity remains largely similar with the
N-terminus projecting towards the C-terminal bundle of the transporter and the phosphate
group towards the N-terminal bundle. One interpretation of the discrepancies is that both
transporters accommodate substrate compound in distinct ways, perhaps due to subtle struc-
tural differences in the binding cavity. Later on, the crystal structures of PepTSo2 in complex
with three peptides, AlaAlaAla, AlaTyrAla and AlaTyr, were determined to a resolution of
3.2 Å, 3.9 Å and 3.2 Å, respectively (Guettou et al., 2014). The study reported a simi-
lar binding orientation for all three peptides, which overlaps with the previously identified
binding of Alafosfalin. The study defined three binding pocket into which each peptide side
chain is projected and suggest that these pockets have subtly different preference for amino
acid residues.

Lyons et al. (2014) solved two structures of peptide bound PepTSt to a high resolution
of 2.5 Å. The peptides were AlaPhe (representing a dipeptide) and AlaAlaAla (representing
a tripeptide). The crystal structures revealed two strikingly different binding poses: AlaPhe
was positioned laterally in the binding site whereas AlaAlaAla adopted a vertical orienta-
tion (Figure 1.11(c) and (d)). The binding of AlaPhe is in good agreement with the PepTSo2

peptide complexes, with both the N- and C-termini coordinated in a similar fashion. Also
apparent from the structure is that AlaAlaAla makes significantly fewer interactions with the
transporter compared to AlaPhe, which is perhaps why the latter has a higher affinity. Nev-
ertheless, the residues to which these peptides interact are largely similar, suggesting that
despite the different orientations, the same binding pockets are employed to accommodate
the ligands.

Two conclusions can be made with regards to peptide binding to the bacterial POTs: i)
the same peptide can adopt different binding poses in different transporters, as exemplified
by Alafosfalin in GkPOT and PepTSo2 and AlaAlaAla in PepTSo2 and PepTSt, and ii) the
same transporter can interact with different peptides in different ways, as demonstrated by
PepTSt crystal complex with AlaPhe and AlaAlaAla. Whilst most key residues are pre-
served, subtle structural differences do exist in the binding site of these transporters, which
could explain why a particular substrate binds differently. That dipeptides and tripeptides
are oriented in two distinct modes in PepTSt indicates the versatility of the binding site in
accommodating ligands of different structures, which is likely to be the fundamental aspect
in achieving substrate promiscuity amongst the POT family.
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Figs. 1.12: Salt bridges gating the substrate binding site. (a) A schematic depiction of gating salt
bridges found on the intracellular and extracellular side of the substrate binding site (green). The
N-terminal bundle is depicted in purple and C-terminal bundle magenta. (b) Sequence alignment of
the five bacterial POTs with known crystal structures, highlighting two pairs of potential extracel-
lular gating residues. (c) Two pairs of potential residues involved in intracellular gating. Residues
are coloured based on their electrostatic charges, i.e. blue (positive) and red (negative). Gating
residues highlighted by purple and magenta bullets corresponding to the N- and C-terminal bundles,
respectively.

Controlling the access to the central substrate binding site are a series of transient
constrictions formed by several transmembrane helices from both the N- and C-terminal
bundles—the intracellular and extracellular gates—that are stabilised by specific key salt
bridges (Figure 1.12). This flexible gating mechanism is not limited to the POT family,
but is widespread amongst the MFS transporters, as exemplified by LacY (Stelzl et al.,
2014). Four pairs of such salt bridges exist in PepTSo, of which two are on the extracellular
side (Arg52-Asp328 and Arg32-Glu316) and another two on the intracellular side (Lys127-
Glu419 and Asp136-Lys439) (Newstead et al., 2011). Comparable gating residues are found
in PepTSt, except for the lower extracellular gate, where the aspartate residue is replaced by
a threonine (N-terminal) and the lysine residue is replaced by an asparagine (C-terminal).

The functional roles of each of these gating residues have been extensively investigated
(Solcan, 2013). The upper extracellular gate appears to be not crucial for both transporters
as point mutation on either residue only slightly decreased transport, suggesting a poten-
tial supportive rather than essential role. The lower extracellular gate, on the other hand, is
important for proton-coupled uptake in PepTSt and the glutamate residue at this position is
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proposed to be the protonation site. Interestingly, the R32A mutant of PepTSo (lower extra-
cellular gate residue) is capable of performing normal transport with no reduction in activity
at all. A possible explanation to this observation is that the adjacent His61 in its protonated
form could substitute for the arginine residue and act as the gating residue for the N-terminal
bundle. For both transporters, the universally conserved intracellular gate is absolutely vital
for peptide uptake as mutation at either position severely reduced or abolished transport.

A similar study has also been performed on the lower extracellular gate of GkPOT by
Doki et al. (2013). Their results suggested that the Glu310 is a potential protonation site as
point mutation inactivated proton driven peptide uptake, congruent with the crystal structure
wherein E310Q binds to the phosphate group of Alafosfalin. The charges of the upper
extracellular gate of GkPOT are swapped compared to PepTSo and PepTSt, suggesting that
the exact charge at this position is not important, as long as oppositely charged residues
are present. A similar observation is observed on another POT, PepTSo2, whereby an acidic
residue is positioned on H1 and a basic residue on H7. Whilst PepTSo, PepTSt and GkPOT
have at least three salt bridges around the binding site, PepTSo2 and YbgH have only two and
one, respectively. In PepTSo2, apart from the two gates, a methionine residue on H11, M426,
was proposed to form an additional intracellular gates by hydrophobic interactions with a
leucine and phenylalanine from the N-terminal bundle, based on comparison to the occluded
structure of PepTSo. For YbgH, our sequence alignment shows no apparent extracellular salt
bridge; It is possible that a similar hydrophobic gating mechanism suggested in PepTSo2 is
also present in this transporter.

By measuring inter-helical distances and the intra- and extracellular openings of all of
the MFS transporters with known crystal structures, Fowler et al. (2015) showed that the
first two helices in each pseudo-symmetric repeat unit contribute to the formation of gates.
This means H1 and H2 pack against H7 and H8 to form the extracellular gate, while H4
and H5 pack against H10 and H11 to form the intracellular gate. Taken together with the
sequence alignment shown in Figure 1.12(b) and (c), it is unlikely that key salt bridges
found in PepTSo are conserved for all transporters within the MFS superfamily, or even
within the POT family itself (as shown by the lack of corresponding residues in YbgH),
but this topology based gating model could be the underlying foundation of the alternating
access mechanism.

Proposed peptide transport mechanism

Based on the currently available structural, biophysical and biochemical data, a general
model of how peptides are transported by peptide transporters across the membrane can be



1.2 Proton-dependent oligopeptide transporters 25

peptideH+
+ -

+ - + -

-+

+ -

-+

-+

+ -+ -

+ -

+ -

+ -

extracellular

intracellular

N C

Figs. 1.13: A general model for proton dependent peptide uptake by a POT transporter. Intra- and
extracellular salt bridge gates are depicted by the positive and negative charges.

inferred (Figure 1.13). In the outward open conformation, the extracellular gate is open
while the intracellular gate remains closed; this configuration exposes the extracellular gat-
ing residue to the bulk solution for protonation. The extracellular pH may therefore play
an instrumental role in initiating substrate transport as a lower pH (higher proton concen-
tration) will increase the likelihood of proton binding. Indeed, increasing extracellular pH
from 6 to 8 reduced the activity of PepT1 by half (Boll et al., 1994) and that of PepT2 by
5-fold (Boll et al., 1996).

A peptide, via its C-terminal carboxylate, interacts with the protonated residue, as sug-
gested by the binding of Alafosfalin phosphate group to Gln310 in GkPOT (Doki et al.,
2013). The side chains of the peptide occupies distinct binding pockets as has been ob-
served in PepTSt (Lyons et al., 2014) and PepTSo2 (Guettou et al., 2014). The extracellular
gate subsequently closes and an occluded state is formed, with the proton transferred to an-
other negatively charged residue within the binding cavity. A series of glutamate/aspartate
residues on the C-terminal bundle, like in PepTSt, allows for proton transfer to the intracel-
lular gate, which effectively disrupts the salt bridge, inducing an inward open state. In this
conformation, the peptide is released into the cytoplasm. The proton concentration in the
intracellular environment is low, therefore the negatively charge residue deprotonates and
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the intracellular gate is restored to form an empty occluded transporter, which cycles back
to the outward open state.

Some aspects of this model are not yet fully understood due to various pieces of missing
information. For example, there is currently no crystal structure of a POT transporter in an
outward open conformation. As such, the initial protonation site and peptide binding orien-
tation remain unknown. The mechanism of how an empty inward facing transporter returns
to the outward open state is also not known. It is possible that the transporter stochastically
interconverts between these two conformations and proton binding stabilises the outward
open state and favours subsequent substrate binding and transport. Another critical piece of
information that is often neglected in studies of POT transporters is the number of protons
translocated during each cycle. Only very recently has such data become available from pH
dependent uptake assays of PepTSt (Parker et al., 2014). The study suggested two distinct
proton coupling mechanisms, one for dipeptides and another for tripeptides, in harmony
with crystal structures showing that they interact with the transporter differently (Lyons
et al., 2014). That each tripeptide is coupled to three protons and each dipeptide to four
or five protons suggest that most titratable side chains in the binding cavity are protonated
during the transport cycle, corroborating the current model that protons are relayed from
one negatively charge residue to another to reach the intracellular gate.

1.3 Oral drug bioavailability

Other than nutritional compounds like peptides, orally administered drugs are also taken up
in the gut. When a drug is taken orally, it faces a great number of obstacles before it can
reach the target. The fraction of unaltered drug compounds that successfully reaches the
blood circulation compared to its administered dosage—the bioavailability—is the primary
aspect of pharmacokinetics (Figure 1.14). The four main factors affecting the bioavailability
of a drug are its absorption, distribution, metabolism and excretion or, for short, its ADME
properties. Ensuring high oral bioavailability amongst drug candidates is an ongoing battle
for the pharmaceutical and biotechnology industries (van de Waterbeemd and Gifford, 2003;
Thomas et al., 2006). In fact, many compounds fail in pre-clinical and clinical stages due to
poor bioavailability, one of the leading causes of which is poor absorption in the gastroin-
testinal tract (van De Waterbeemd et al., 2001). The gut wall presents a formidable barrier
between the digestive tract and the systemic circulation, preventing the entry of undesired
exogenous substances.

There are several ways by which a drug molecule can traverse the intestinal barrier. Most
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drugs can pass through the space between epithelial cells, often referred to as paracellular
permeation. Some drugs, however, have to adopt a transcellular approach, whereby they
cross the apical and then the basolateral epithelial membranes to reach the blood vessels.
Historically, it was thought that passive transmembrane diffusion is the principal mecha-
nism of transcellular permeation, owing to the lipophilic nature of most drug compounds.
However, in recent years, growing bodies of evidence indicate the co-existence of carrier
mediated drug transport across the plasma membrane (Dobson and Kell, 2008; Sugano
et al., 2010). Indeed, compelling clinical studies point towards the potential roles of nutri-
ent transporters, not only in drug absorption and distribution, but also in therapeutic efficacy
and potential adverse reactions (Shitara and Sugiyama, 2002; Cusatis et al., 2006). The US
Food and Drug Administration (FDA) have published a guideline for the pharmaceutical
industries that contains recommendation for pre-clinical in vivo and in vitro assessments of
transporter mediated drug-drug interactions (U.S. Department of Health and Human Ser-
vices Food and Drug Administration et al., 2012). Clearly, carrier mediated cellular uptake
of drugs is gaining credibility and attention in drug development.

A number of transporters, from both the ABC and SLC superfamilies, have been ex-
perimentally shown to influence drug disposition (reviewed by Dobson and Kell (2008)
and Giacomini et al. (2010)) (Figure 1.14). Chief amongst these is P-gp that actively ex-
ports hydrophobic drugs from the luminal membrane of the small intestine and the blood
brain barrier (Zhou, 2008). Like P-gp, the breast cancer resistance protein (BCRP) is an-
other ABC transporter that pumps out xenobiotics from the gastrointestinal tract and other
tissues like kidney and the brain endothelium (Vlaming et al., 2009). In contrast, several
transporters are able to take up these drug compounds from the lumen into the cell. These
include the organic anion transporting polypeptide (OATP) transporters from the SLCO gene
family that absorb drugs such as the anti-cancer agent methotrexate and the HMG-CoA re-
ductase inhibitor statins (Hagenbuch and Gui, 2008). Other transporters that are implicated
in drug uptake across the apical brush border membrane are the monocarboxylic acid trans-
porter 1 (MCT1) from the SLC16 family (Halestrap, 2013) and the apical sodium/bile acid
co-transporter (ASBT) from the SLC10 family (Claro Da Silva et al., 2013). The baso-
lateral side of the epithelia, on the other hand, is populated by a group of carrier proteins
that are capable of regulating drug retention in the blood stream. For example, the organic
cation transporter 1 (OCT1) from the SLC22 family assists in the removal of drugs from the
systemic circulation back into the lumen (Koepsell, 2013). Its substrates include the anti-
diabetic metformin and the chemotherapeutic agent paclitaxel. The ATP-dependent efflux
pump, multidrug resistance protein 3 (MRP3), acts in the opposite way, i.e. it facilitates
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number of in vitro data inputs. They are based on
advanced compartmental absorption and transit
(ACAT) models, in which physicochemical concepts,
such as solubility and lipophilicity, are more readily
incorporated than physiological aspects involving trans-
porters and metabolism. In more recent versions,
attempts are being made to model the influence of
transporters, in addition to gut-wall metabolism, on
gastrointestinal uptake. For example, the oral bioavail-
ability of ganciclovir in dogs and humans was simulated
using a physiologically based model that utilized many
biopharmaceutically relevant parameters, such as the
concentration of ganciclovir in the duodenum,
jejunum, ileum and colon at a variety of dose levels and
solubility values. The simulation results demonstrated
that the low bioavailability of ganciclovir is limited by
compound solubility rather than permeability due to
partitioning, as previously speculated44.

Bioavailability. Recently, the first attempts to predict
bioavailability directly from molecular structure have
been published. However, this is not an easy task, as
bioavailability depends on a superposition of two
processes: absorption and liver first-pass metabolism.
Absorption in turn depends on the solubility and per-
meability of the compound, as well as interactions with
transporters and metabolizing enzymes in the gut wall.
Important properties for determining permeability
seem to be the size of the molecule, as well as its capacity
to make hydrogen bonds, its overall lipophilicity and
possibly its shape and flexibility. Molecular flexibility,
for example, as evaluated by counting the number of
rotatable bonds, has been identified as a factor influenc-
ing bioavailability in rats46.

Yoshida and Topliss47 trained a QSAR model with log
D at pH 7.4 and 6.5 as inputs for the physicochemical
properties and the presence/absence of typical functional
groups most likely to be involved in metabolic reactions
as the structural input. This approach used ‘fuzzy adap-
tive least squares’, and drugs could be classified into one of
four predefined bioavailability ranges. Using this
approach, a new drug can be assigned to the correct class
with an accuracy of 60%.An unpublished effort based on
classification using the SIMCA approach and which
seems to achieve similar success has also been reported12.

In another approach, regression and recursive parti-
tioning have been used48. In this study, 591 compounds
were included and a set of 85 structural descriptors was
generated. The authors noted that the mean error in the
experimental data used to generate the model is ~12%,
with an increase in error for well-absorbed drugs.
Therefore, the models should not be expected to gener-
ate predictions that are more accurate than the variabil-
ity inherent in the biological measurements.

Genetic programming, which is a specific form of
evolutionary programming, has recently been used for
predicting bioavailability49. The results show a slight
improvement compared with the Yoshida-Topliss
approach, although a direct comparison is difficult
owing to a different selection of the bioavailability
ranges of the four classes.

In vitro methods, such as Caco-2 or Madin-Darby
canine kidney (MDCK) monolayers, are widely used to
make oral absorption estimates. These cells also express
transporter proteins, but only express very low levels of
metabolizing enzymes. Similarly, there is a continued
interest in finding a relevant in vitro screen for estimating
the permeability of drugs for diseases of the central
nervous system (CNS). The bovine microvessel endo-
thelial cell (BMEC) model has been explored as a possible
in vitro model of the blood–brain barrier35.

Considerable effort has also gone into the develop-
ment of in silico models for the prediction of oral
absorption36–42. The simplest models are based on a single
descriptor, such as log P or log D, or polar surface area,
which is a descriptor of hydrogen-bonding potential31.
Different multivariate approaches, such as multiple linear
regression, partial least squares and artificial neural
networks41, have been used to develop quantitative
structure–human-intestinal-absorption relationships. In
all approaches, hydrogen bonding is considered to be a
property with an important effect on oral absorption.

Absorption-simulation programs, such as Gastro-
Plus43 and Idea44, might eventually become a valuable
tool in lead optimization and compound selection.
These programs, which have recently been compared45,
are computer simulation models developed and vali-
dated to predict ADME outcomes, such as rate of
absorption and extent of absorption, using a limited

Box 3 | Metabolism  

The body will eventually try to eliminate xenobiotics, including drugs. For many drugs,
this first requires metabolism or biotransformation, which takes place partly in the gut
wall during uptake, but primarily in the liver. The figure shows where metabolism occurs
during the absorption process. The fraction of the initial dose appearing in the portal
vein is the fraction absorbed, and the fraction reaching the blood circulation after the
first-pass through the liver defines the bioavailability of the drug.

Traditionally, a distinction is made between phase I and phase II metabolism, although
these do not necessarily occur sequentially. In phase I metabolism, a molecule is
functionalized, for example, through oxidation, reduction or hydrolysis. The most
important enzymes involved are the cytochrome P450s. In particular, CYP3A4, CYP2D6,
CYP2C9 and CYP2C19 are important for the metabolism of drugs in humans. In phase II
metabolism, the functionalized drug molecule is further transformed in so-called
conjugation reactions. These include for example, glucuronidation and sulfation, as well as
conjugation with glutathione. It should be noted that the metabolism in animals might be
different from that in humans, and therefore the prediction of human pharmacokinetics
and metabolism from animal data might not be straightforward.
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Figs. 1.14: A schematic diagram of oral drug absorption and metabolism. Orally administered
drug compounds are absorbed through the gut wall into the systemic circulation and subsequently
metabolised in the liver. Bioavailability represents the fraction of the dosage that becomes available
to interact with the target. Enlarged image depicts an intestinal epithelial cell highlighting several
membrane embedded carrier proteins relevant in drug uptake. The figure is adapted from van de
Waterbeemd and Gifford (2003) and Giacomini et al. (2010)
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drug disposition (e.g. emtricitabine used in HIV therapy) into the blood vessels (Sodani and
Patel, 2012).

1.3.1 PepT1 and PepT2 mediated drug uptake

Given the substrate polyspecificity prevalent within the POT family, it is not surprising that
PepT1 can also play a role in drug absorption along the lining of the gut. The key to be-
ing recognised by this transporter is having certain structural features similar to either di- or
tripeptides. The best known examples of PepT1 drug substrates are the b -lactam antibiotics.
As early as in the 1990’s, evidence of cephalosporin b -lactam transport by PepT1 surfaced
via a series of experiments measuring proton dependent uptake of cephradine, cefadroxil
and cephalexin in whole cell assays over-expressing PepT1 (Kato et al., 1989; Thwaites
et al., 1994; Fei et al., 1994; Boll et al., 1994). This observation potentially stems from
the peptide mimetic properties of the cephalosporins, i.e. the carboxylate and amino ends,
and a peptide bond linking the lactam ring and the side chain (Figure 1.15). Subsequent
studies provided a better understanding of the preference PepT1 has for a range of these an-
tibiotics. For example, Wenzel et al. (1996) showed that zwitterionic b -lactams (cefadroxil,
amoxicillin) are the best substrates, while their anionic counterparts (benzylpenicillin, ce-
fixime) are less preferred. Bretschneider et al. (1999) assayed 23 different b -lactams and
demonstrated a good correlation between affinity (as measured by inhibition of glysar trans-
port) and bioavailability (as measured by transepithelial flux). Similarly, its renal isoform,
PepT2, has also been established as a drug carrier. As has been shown with di- and tripep-
tides, PepT2 possesses a significantly higher affinity for the b -lactam antibiotics compared
to PepT1, albeit with the overall rank ordering preserved (Luckner and Brandsch, 2005).

In addition to the b -lactam antibiotics, PepT1 and PepT2 also transport the tumor sup-
pressors bestatin (Inui et al., 1992), floxuridine (Tsume et al., 2008) and gemcitabine (Song
et al., 2005), the imaging substance d -aminolevulinic acid (Döring et al., 1998), the antiviral
agents valacyclovir (Ganapathy et al., 1998) and valganciclovir (Sugawara et al., 2000) and
the anti-hypotensive drug midodrine (Tsuda et al., 2006). Some of these compounds are
actually prodrugs, which are created by attaching an amino acid or a dipeptide to the active
core drug, essentially to mimic a dipeptide or a tripeptide, respectively, to gain affinity to the
POT transporters. In vivo, the active form of the drug is released by an enzymatic hydrolysis
using esterases that cleaves off the amino acid or dipeptide. This approach is particularly
useful to enhance the bioavailability of drugs that are not naturally a substrate of PepT1 or
PepT2. For example, attaching a phenylalanine residue to L-dopa, which is widely used to
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Figs. 1.15: Structural comparison of the b -lactam antibiotic cefadroxil and the tripeptide triAla,
highlighting similarities including the carboxylate and amino groups.

alleviate the symptoms of Parkinson’s disease, enhanced its intestinal absorption by almost
40-fold (Tamai et al., 1998). As PepT1 in the small intestine controls the entry of these
substances into the body and PepT2 in the kidney regulates their retention in the systemic
circulation, understanding the molecular basis of interactions between these drugs and the
POT transporters is of paramount importance for drug design to improve oral drug delivery.
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1.4 Aim of this thesis

Physiologically, PepT1 and PepT2 are not essential. In fact, multiple studies with knock-out
mice reported no pathological phenotypes despite the reduced peptide uptake (Rubio-Aliaga
et al., 2003; Nässl and Rubio-Aliaga, 2011). The motivation in studying these transporters
comes from their ability and potential to improve oral bioavailability. The wealth of data, for
example the availability of crystal structures from multiple bacterial homologs and the vast
number of transport assays, make PepT1 and PepT2 suitable candidates for more systematic
and rational design of drugs in the future.

The principal aim of this thesis is to predict substrate transport by elucidating the molec-
ular mechanism of interactions between the POT transporters and their substrates, i.e. pep-
tides and, most importantly, drugs. The main approach is to employ molecular dynamic
simulations and a range of free energy calculation methods, alongside verification from
experimental data in the form of transport assays, to characterise the binding affinities of
various ligands to the transporters and provide structural justifications of their substrate
preference. To achieve this aim, this thesis is divided into the five following chapters:

• Chapter 2 Recapitulate the theory behind molecular dynamics simulation and free
energy calculations.

• Chapter 3 Establish which methods can be used to accurately predict the binding
affinities of ligands using a model POT transporter from bacteria.

• Chapter 4 Perform an in-depth analysis of the substrate preference of the model
bacterial POT transporter using these verified methods.

• Chapter 5 Build a homology model of human PepT1 and PepT2 using a bacterial
POT as the template.

• Chapter 6 Apply the prediction methods to PepT1 homology model to understand
drug interactions with the transporter.



Chapter 2

Theory and methods

In this thesis, computational studies of peptide transporters are conducted
primarily from the perspective of protein-ligand interactions using two prin-
cipal methods: i) atomistic molecular dynamics simulations and ii) free
energy calculations. Molecular dynamics are used to investigate how the
binding site of the transporter adapts to various ligands, which is the key
to understanding the structural origin of the promiscuity prevalent in this
protein family. The calculation of binding affinities of peptides and drugs to
the transporter are performed using methods encompassing a vast range of
accuracy and computational requirements. Other methods utilised in this
research include homology modelling to build a model structure for human
PepT1 and protein-protein docking to propose how trypsin binds to its ex-
tracellular domain. This chapter will recapitulate the theories behind these
computational techniques and describe how they are used in the context of
the research.

2.1 Molecular dynamics simulation

Molecular dynamics (MD) simulations are capable of providing a detailed view of how
atoms interact with each other and, on a larger scale, how biomolecules behave in their
natural environment. Thus MD is sometimes referred to as computational microscope (Lee
et al., 2009). Classical MD computes the motion of a set of interacting particles based
on Newton’s second law of motion, which states that force equals the rate of change of
momentum or Fi = miai. In a simple system, the force acting on each particle can be
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determined by solving the second order differential equation:

d2ri

dt2 =
Fi

mi
(2.1)

However, the force acting on each particle changes not only when its position is altered,
but also when other surrounding particles with which it interacts move, resulting in intri-
cately coupled motions within the system. This phenomenon gives rise to the many-body
problem, whereby the complex dependency of particles in a system makes its impossible
to solve the equation of motion analytically for all the particles. This issue is especially
aggravated in a large system, for example in a biomolecular simulation, wherein lies tens of
thousands of atoms. To circumvent this problem, the equation of motion is solved numeri-
cally using a finite difference method.

2.1.1 Numerical integration for the equations of motion

The finite difference method relies on approximating the positions, r, and dynamic proper-
ties such as velocities, v, and acceleration, a, as Taylor series expansion:

r(t +d t) = r(t)+
d t
1!

r0(t)+
d t2

2!
r00(t) . . .

r(t +d t) = r(t)+d tv(t)+
d t2

2
a(t) . . .

(2.2)

The equivalent equation for r at time (t �d t) is:

r(t �d t) = r(t)�d tv(t)+
d t2

2
a(t) . . . (2.3)

Adding and subtracting, respectively, Equation 2.2 and Equation 2.3 will give us expressions
for r(t +d t) and v(t):

r(t +d t) = 2r(t)� r(t �d t)+d t2a(t) (2.4)

v(t) =
r(t +d t)� r(t �d t)

2d t
(2.5)
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This algorithm, however, suffers from numerical inaccuracies as the calculations involve
differences between large similar numbers, that are 2r(t) � r(t � d t) in Equation 2.4 and
r(t +d t)�r(t �d t) in Equation 2.5. The most widely implemented approach in GROMACS
is the leap-frog algorithm (Hockney, 1970), which does not have this disadvantage. The
expressions for positions and velocities are given by:

v(t +
1
2

d t) = v(t � 1
2

d t)+
d t
m

F(t) (2.6)

r(t +d t) = r(t)+d tv(t +
1
2

d t) (2.7)

The algorithm utilises two dynamic properties at different time points: the position r at
time t, and the velocity v at time t � 1

2d t. Using forces F at time t, from which the accelera-
tion a can be determined, it first calculates the velocity at time t + 1

2d t (Equation 2.6). Then
this information is used to derive the position at time t +d t (Equation 2.7). As such, the ve-
locities and positions are always deduced in a staggered interval of 1

2d t, thus “leap-frogging”
over each other. One disadvantage of this approach is that the positions and velocities are
not synchronised, therefore it is not possible to determine the kinetic energy corresponding
to the defined coordinates, from which potential energy is calculated.

2.1.2 Molecular mechanics force field

The force Fi acting on a particle i can be determined by differentiating the potential energy,
U :

Fi = �∂U(ri)

∂ri
(2.8)

This potential energy is described by a physical model—the force field—that defines
each particle in the system being simulated. Atomistic force fields describe each atom as
a single particle⇤. Molecular mechanics force fields use classical mechanics to describe
the potential energy function of a set of particles based on their position in space, r. This
potential energy is generally modelled as a sum of the intra- and intermolecular forces,
respectively forming the bonded and non-bonded energy components. The former is divided
into three constituents: i) bond length, ii) bond angle, and iii) bond dihedral, whilst the latter

⇤A variation of this model is called the united-atom approach, which groups together hydrogens (only the
ones that are not capable of forming hydrogen bonds) with heavy atoms, for example in a methyl or methylene
group, into a single bead to reduce the total number of particles in the system. An example of a united-atom
biomolecular force field is GROMOS (Oostenbrink et al., 2004).
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is made of two parts: i) electrostatic, and ii) van der Waals (Equation 2.9 and Figure 2.1).
The bonded energy terms describe the interactions between atoms that are linked by at most
three covalent bonds and complementarily, the non bonded energy terms model interactions
between atoms on different molecules or on the same molecule but more than three covalent
bonds apart from each other†.

U(r) = Ubonds(r)+Uangle(r)+Utorsion(r)+Uelectrostatics(r)+UvdW(r) (2.9)

In this thesis, the Amber biomolecular force field will be used, specifically the ff99SB
version with improved torsion potentials from Lindorff-Larsen et al. (2010). The functional
form of the force field is given by Equation 2.10.

U(r) =

Bondedz }| {

Â
bonds

Kb(b�b0)
2 + Â

angles
Kq (q �q0)

2 + Â
torsions

Vn

2
⇥
1+ cos(nf � g)

⇤

+Â
i< j

e
⇣si j

ri j

⌘12
�
⇣si j

ri j

⌘6
�
+ Â

i< j

qiq j

e0ri j
| {z }

Non-bonded

(2.10)

Bonded interactions

The bond length term, the first term in Equation 2.10, describes how much a bond, b, can
stretch with respect to a reference value, b0, corresponding to the length adopted when all
other terms in the force field are set to zero (Figure 2.1(a)). For simplicity, this is modelled
using a simple harmonic potential with a force constant of Kb that calculates the energetic
penalty sustained by the bond if it deviates from the reference length. The second term
in Equation 2.10 denotes the bond angle energy, which measures the energy associated
with the bending of two adjacent bonds as described by the angle between them, q (Fig-
ure 2.1(b)). Again, a harmonic potential is employed to characterise this energy, whereby
a force constant Kq and a reference value q0 are included in the calculation. Compared
to other components of the force field, a substantial amount of energy is needed to distort
bond lengths and angles, and as such, structural variations during a simulation are usually
contributed from the torsional and non-bonded terms.

The bond dihedral or torsional energy, outlined by the third term in Equation 2.10, takes
†In some force fields, the intermolecular interactions between an atom and its third covalently bonded

neighbours (i and i+3) are reduced or scaled to avoid strong repulsion, which could deform the molecule.
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Figs. 2.1: A schematic representation of the components of a molecular mechanics force field and
their energy functions: (a) bond length, (b) bond angle, (c) bond torsion or dihedral, (d) electrostatics
interactions and (e) van der Waals interaction. The functional form of the energy function is given
by Equation 2.10. Figure adapted from Levitt (2001).
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into account three adjacent bonds and computes the ability of the middle bond to rotate
with respect to the other two flanking bonds (Figure 2.1(c)). The distribution of rotational
conformations can be modelled using a cosine function where Vn represents the height of
the energetic barrier for a rotation to happen, g denotes the position of energy minimum and
n depicts the number of minima available as the bond rotates through 360° (also known as
the multiplicity). For example, if a simple system of ethane is considered, there are nine
(32) identical torsions of H-C-C-H that reach an energetic minimum in a staggered confor-
mation and an energetic maximum in an eclipsed conformation. If the position of the first
energy-minimum staggered conformation, or g is set to zero, and the bond is rotated through
360°, there will be a total of three minima (n=3) at 0°, 120°and 240°. Correspondingly, the
energy-maximum eclipsed structures will be observed three times at 60°, 180°and 300°.
Improper dihedrals are introduced to cater for aromatic molecules with an electron-rich p
system. In such molecules, some peripheral atoms, for example the oxygen atom on the
side chain of tyrosine, must be kept in the same plane as the aromatic ring for an optimum
configuration. To this end, “improper” cosine functions are added; they are similar to the
previously described dihedral angles, except that the four atoms under consideration are not
linearly connected.

Non-bonded interactions

The last two terms in Equation 2.10 refer to the non-bonded potential energy which sums
the interactions between all atom pairs in the system (i and j) based on their inter-atomic
distances, ri j. The first of these terms represents the van der Waals potential, which is
modelled by a Lennard-Jones 12-6 function with s denoting the distance for which the po-
tential energy is zero and e depicting the depth of the energy well (Figure 2.1(e)). The van
der Waals interactions are made of two components, i.e. attractive and repulsive forces.
The former is caused by the dispersive forces that arise due to the fluctuations in the elec-
tron clouds; the formation of an instantaneous dipole on one molecule induces dipoles on
adjacent molecules. This component is calculated by the inverse sixth power function of
distance (r�6). The repulsive force, on the other hand, originates from the Pauli exclusion
principle, which states that no two particles in a system can have the same set of quantum
numbers, thus prohibiting atoms from occupying the same region of space. The contribution
of this force is computed using the inverse twelfth power function of distance (r�12)‡. The

‡The inverse twelfth power function describing the repulsive part of the Lennard-Jones potential is not
directly related to any theoretical arguments. In fact, quantum mechanic calculations suggest an exponential
function, as used in Buckingham potential. However, the Lennard-Jones potential is more widely used for
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Lennard-Jones potential is short-ranged and rapidly decreases with increasing inter-atomic
distance. In MD simulations, therefore, its contribution is often calculated only within a
specified radius, the cutoff distance, beyond which the potential is assumed to have con-
verged to zero.

The second component of the non-bonded interactions is the electrostatic potential,
which is described using Coulomb’s law with partial atomic charges of qi or q j and the per-
mittivity of free space, e0 (8.854 ⇥ 10�12 F m�1) (Figure 2.1(d)). In a molecule, some atoms
are more electronegative than others and thus attract more electrons, creating an unequal
distribution of charge (permanent dipole) that are represented by partial atomic charges.
In the Amber force field, these partial charges are obtained via a semi-empirical approach
called the restrained electrostatic potential (RESP), which fits point charges onto atoms to
reproduce the quantum mechanically determined electrostatic potential at the surface of a
molecule (Bayly et al., 1993). Unlike the van der Waals potential, the electrostatic potential
is reciprocal to the first power function of distance (r�1), as a result of which the energy
decays much more slowly with respect to increasing distance. A similar cutoff approach
used for van der Waals potential, therefore, cannot be applied here. Instead, the calculation
of electrostatic forces can be accelerated using the Ewald sum technique, which shall be
briefly described in §2.1.5. Even so, calculating the electrostatic interactions remains the
most computationally demanding step of any MD simulation.

2.1.3 Constrained dynamics

The size of the time step, d t, is limited by the fastest motion in the system. For a biomolecu-
lar simulation, this is represented by the vibration of hydrogens, H, attached to heavy atoms,
X. By keeping the X-H bond length constant, the value of d t can be increased, therefore the
integrator can advance more quickly. This is typically performed using constrained dynam-
ics algorithms§. The default constraints imposed in GROMACS is the LINCS algorithm
(Hess et al., 1997). Briefly, this algorithm resets the intramolecular bond lengths involving
hydrogen atoms to its original value after each integration step. Numerical integration is
first used to update the position of hydrogens without any constraints. Then, the algorithm
calculates the amount of force required to correct any deviations and applies it along the
axis of the bonds, such that the bond length will return to the starting value. This approach

ease of computation as r�12 can be rapidly calculated by squaring the r�6 term.
§Another way to accelerate the calculation is by using the multiple time stepping approach, where a smaller

d t is used to account for faster motions like the vibration of hydrogen, and a larger d t is used for other
calculations (Humphreys et al., 1994).
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Figs. 2.2: A two dimensional schematic represen-
tation of the periodic boundary conditions. The
central unit cell is colour in light blue for clar-
ity. Four particles exist in the simulation box; the
red particle exits the box from the left side and
re-enters from the right side, as illustrated by the
arrow. Based on the minimum image convention,
the intermolecular forces acting on the green par-
ticles from the red and orange ones are indicated
by the dashed lines.

allows for a d t of 2 fs, as is used in this thesis, compared to 1 fs without the constraints.

2.1.4 Periodic boundary conditions

To ensure bulk behaviours are not lost in a simulation of a system with a limited number of
particles, the simulation box is replicated in all directions following the periodic boundary
conditions. This technique produces a periodic array of infinite copies of the simulation box.
For example, if the system has a cubic simulation box, in two dimensions, this box will be
surrounded by eight identical boxes on all sides (Figure 2.2), whereas in three dimensions,
26 boxes. A particle leaving the simulation box from one side will “reappear” from the
opposite side with the same velocity, hence the total number of particles in the central box
stays constant. Despite the infinitely repeated boxes, the minimum image convention is
applied to the calculation of short-ranged intermolecular interactions—each particle “sees”
only one image of every other particle in the system, that is the closest image either from
the same box or from an adjacent periodic box. Also, the periodic boundary conditions are
not capable of reproducing structural characteristics on a scale larger than the unit cell, for
example long-wavelength membrane undulations, as the repetitious nature of the periodic
boxes suppresses such fluctuations. GROMACS implements various different box shapes
that can adhere to the periodic boundary conditions like cube, rhombic dodecahedron and
truncated octahedron. The former represents the most widely used unit cell, whilst the latter
two are particularly beneficial in the simulation of a spherical system, as the shape is closer
to a sphere, therefore less water and ions are required for solvation. In this thesis, as a



2.1 Molecular dynamics simulation 40

+ +

- -

r
=

r

- -

+ +

+
r

+ +

- -
real-space reciprocal space

Figs. 2.3: A schematic representation of the Ewald summation used to compute electrostatic poten-
tial. A Gaussian charge distribution is placed on top of each initial set of charges (calculated in real
space), which is counter-balanced by an additional charge distribution of opposite sign (calculated
in reciprocal space).

system with a planar membrane bilayer is simulated, a cubic box will be used for all the
simulations.

2.1.5 The particle-mesh Ewald Method

As discussed in §2.1.2, unlike the van der Waals potential, the electrostatic potential con-
verges to zero significantly less quickly as it varies inversely with r, therefore the interac-
tions at a long distance is far from negligible. As such, introducing a cutoff radii scheme as
applied to the van der Waals potential will generate spuriously truncated forces. The long-
ranged nature of electrostatic potential means all charged atoms in a system can interact not
only with each other, but also with their images in periodic cells because the forces extend
well beyond half the size of simulation box. The number of pairwise forces that need to be
computed, therefore, scales with the number of particles, N, by a factor of O(N2), inevitably
making explicit direct calculation prohibitively expensive.

The total electrostatic energy contributed by charge-charge interactions in the central
box and between the central box and its periodic images is given by:

Uel =
1
2 Â

nx
Â
ny

Â
nz⇤

N

Â
i

N

Â
j

qi ·q j

4pe0ri j,n
(2.11)

where n = (nx,ny,nz) is the periodic box index vector while the asterisk denotes that wher-
ever i = j, the interactions is calculated only when i and j are periodic image of each other.
The distance indicated by ri j is the real distance between the particles instead of the mini-
mum image distance. The summation in Equation 2.11, however, does not converge. The
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basis of Ewald summation (Ewald, 1921) is reformulating the summation into two series,
each of which converges significantly more rapidly:

1
r

=
f (r)

r
+

1� f (r)
r

(2.12)

where f (r) represents the introduction of new functions that converts the original sum into
two quickly-converging terms. In practice, the Ewald summation surrounds each atomic
charges with a neutralising Gaussian charge distribution of equal magnitude but of opposite
sign, represented by the first term in Equation 2.12. To correct for this addition, a second
term is added by virtue of a cancelling charge distribution, which is calculated in recip-
rocal space using Fourier transforms (Figure 2.3). Also, a third term is added to subtract
the interaction of each Gaussian with itself. Despite the Ewald sum as a whole converg-
ing as O(N

3
2 ), the reciprocal term still scales as O(N2) and therefore the method is still

computationally expensive to implement. To improve upon this method, the particle-mesh
Ewald (PME) method (Darden et al., 1993; Essmann et al., 1995) interpolates each atomic
charge onto a three-dimensional grid, which allows for a Fast Fourier Transform (FFT) tech-
nique to be applied to compute the summation in reciprocal space. This algorithm scales as
O(N log N), considerably reducing the computational cost of calculating electrostatic po-
tential. Therefore, the PME method shall be used to compute electrostatic forces throughout
this thesis.

2.1.6 Temperature and pressure control

So far all the simulations discussed have a constant number of particles at a condition of
constant volume and energy, which is referred to as the NVE or microcanonical ensemble.
Most biological phenomena, however, occur under constant temperature and pressure (the
NPT or isothermal-isobaric ensemble). Another common alternative ensemble is the NVT
or canonical ensemble, for which the volume the simulation box is kept constant instead
of pressure. Methods that maintain a constant temperature are called a thermostat while
methods that maintain a constant pressure are called a barostat.

Thermostat

GROMACS implements three coupling schemes, from the weaker Berendsen thermostat
(Berendsen et al., 1984) to the more rigorous velocity rescaling (Bussi et al., 2007) and
Nose-Hoover (Nosé, 1984; Hoover, 1985) schemes. The Berendsen algorithm couples the
simulation unit cell to a large water bath, to which thermal energy is dissipated and from
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which energy is supplied, respectively, following an increase and decrease in temperature.
This scheme scales the velocities of all particles such that the rate of change of tempera-
ture is proportional to the difference in measured temperatures of the system and the water
bath (Equation 2.13). The coupling parameter, tT , determines how fast this scheme works
and thus how tightly coupled the bath and the system are. This thermostat suppresses the
fluctuation of the kinetic energy and therefore leads to an energetically incorrect sampling.

dT (t)
dt

=
1
tT

(Tbath �T (t)) (2.13)

A similar thermostat that generates a rigorous canonical sampling is the velocity rescal-
ing scheme. This thermostat is essentially a Berendsen thermostat with an additional stochas-
tic term introduced to ensure a correct kinetic energy distribution:

dK = (K0 �K)
dt
tT

+2

s
KK0

Nf

dWptT
(2.14)

where K is the kinetic energy, Nf is the number of degrees of freedom and dW a Wiener pro-
cess (a continuous-time stochastic process). No additional parameter is required except for
a random seed. Apart from producing a correct canonical ensemble, this thermostat retains
the advantage of a Berendsen thermostat, i.e. first order decay of temperature deviations
with no oscillations. This thermostat therefore shall be used for most of the simulations
performed in this thesis. To prevent differences in temperature arising between the differ-
ent components of the simulated system (the hot solvent, cold solute phenomenon), which
is prevalent in velocity-based rescaling methods, group temperature coupling is applied,
whereby all protein, membrane and solvent atoms are coupled to independent water baths.

Barostat

Similarly, the pressure of the simulation unit cell can also be coupled to a “pressure bath”
to maintain a constant value. The rate of change of pressure is given by:

dP(t)
dt

=
1
tP

(Pbath �P(t)) (2.15)

where tP is the coupling constant, Pbath and P(t) are the pressure of the bath and the pres-
sure of the simulation box at time t, respectively. In this thesis, the Parrinello-Rahman
barostat (Parrinello and Rahman, 1981) shall be used as it is more rigorous and capable
of sampling from true NPT ensemble. Simulations with a membrane bilayer are coupled
semi-isotropically, which means the x and y dimensions (the membrane plane) are rescaled
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Figs. 2.4: The fundamental concept of free energy
of binding, DG. Two units, A and B, bind to form
a complex AB with lower free energy. DG repre-
sents the free energy difference between the bound
and unbound state and corresponds to the strength
of binding. kon and koff are the rate of association
and dissociation, respectively.

together, independent of the z dimension (the membrane normal). This approach allows for
a proper lateral pressure profile in the bilayer.

2.2 Free energy of binding

Gibbs free energy, G, describes the amount of useful work that can be extracted from a
thermodynamically closed system at a constant temperature and pressure (NPT). The Gibbs
free energy of binding, DG, represents the strength of binding of two bodies, in which case
if the free energy of the complex is lower than its constituents, i.e. DG < 0, the binding is
favourable (Figure 2.4). Measuring DG is essential to study the physical nature of interac-
tions between two molecules. At chemical equilibrium, the concentration of both unbound
(A and B) and bound (AB) states remains constant and the position of the equilibrium is
quantified by the equilibrium constant, K as described by Equation 2.16. DG is related to K
by Equation 2.17, where R is the gas constant (8.314 J K�1 mol�1) and T is temperature (K).
A favourable binding designated by a negative DG corresponds to a large value of K, which
means the concentration of AB is higher than the product concentrations of its subunits, and
as such A and B prefer to bind to each other than to be separated.

K =
[AB]

[A] · [B]
(2.16)

DG = �RT ln K (2.17)
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Figs. 2.5: Available computational methods to calculate the free energy of binding (DG) arranged
according to their accuracy and estimated computational expenses.

2.3 Computational predictions of binding energy

Computer modelling has an enormous potential for the study of biomolecular interactions.
By using the three-dimensional structure of a target protein, either from crystallography
or homology modelling, with its ligand of interest, one can obtain not only the binding
free energy but also detailed insights into the molecular interactions. In this section, the
available methods to calculate the free energy of binding between a protein and a small-
molecule ligand will be reviewed (Figure 2.5), focusing on the accuracy of each method,
their sources of errors and the amount of computational resources required to perform each
calculation.

2.3.1 Scoring Functions

Molecular docking programs were developed to predict the way two biomolecules bind to
each other and subsequently estimate binding affinities for the proposed binding orientations
(see reviews by Bello et al. (2013) and Yuriev and Ramsland (2013)). The method is gen-
erally divided into two components: a search algorithm and a scoring function. The former
suggests several optimum binding poses, usually based on spatial complementarity, and the
latter ranks these poses based on their affinity scores. Scoring functions are fast and highly-
simplified mathematical models. For the purpose of this thesis, the DG predictions will
be performed using the AutoDock Vina docking program (Trott and Olson, 2010), which
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has an in-house scoring function that is largely inspired by X-score (Wang et al., 2002).
This function sums the intermolecular and intramolecular contributions of all pair of atoms
within three covalent bonds from each other according to a general function:

DG = Â
i< j

ftit j(ri j) (2.18)

where tx is the assigned atom type for x following the X-Score atom-typing, ftit j denotes the
interaction functions and ri j represents the interatomic distance. The interaction functions,
ftit j consist of equations describing steric interactions, the hydrophobic effect, hydrogen
bonds and deformation effects. Each of these equations is multiplied by an empirical con-
stant, identical for all atom pairs, derived by regression analyses using a training set from
PDBbind (Wang et al., 2004, 2005). Most of these terms are highly simplified, for example,
the hydrophobic contribution equals 1 when ri j < 0.5 Å and 0 when ri j > 1.5 Å, and linearly
interpolated for when 0.5 Å  ri j  1.5 Å.

Due to the simplistic nature of these calculations, estimating DG using scoring functions
is extremely fast. On a quad core machine with Intelr Xeonr processors, docking a small
peptide onto the bacterial POT transporter, PepTSt, and estimating DG for all proposed bind-
ing orientations take only around 30 seconds. This method therefore is the usual choice to
perform a high-throughput virtual screening involving a large library of ligands. For exam-
ple, Schlessinger et al. (2011) computationally screened more than 6,000 small molecules
in the Kyoto Encyclopedia of Genes and Genomes (KEGG) Drug Database (Ogata et al.,
1999) using the DOCK docking procedure (Ewing et al., 2001) and found chemically novel
substrates for the norepinephrine transporter (NET), which could potentially be developed
into antidepressants and psychostimulants. Chen and Shoichet (2009) used the same dock-
ing protocol to screen all commercially available fragment libraries containing more than
300,000 molecules and discover novel µM-range inhibitors against a b -lactamase. These
indicate that scoring functions are adequately reliable at isolating potential binders of a
protein from a large database of compounds with a wide range of structural and chemical
properties. Here, the affinity scores are used only to filter out low-scoring non-binders and
therefore the individual DG value per se is not important.

However, comparing these predicted DG values to experimental data has always been
problematic. A comparative assessment of all major scoring functions showed that the
maximum correlation coefficient between their binding scores and experimental data was
only around 0.5 with the best scoring functions, X-score and ChemScore, correctly rank-
ing protein-ligand complexes 50% of the time (Cheng et al., 2009). The typical root mean
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square error (RMSE) achieved by scoring functions is usually around 2 kcal/mol (Wang
et al., 2002). One source of errors in scoring functions is the empirical constants derived
from a training set of a limited number of protein-ligand complexes. Using the same weight-
ing factors for proteins from a different family or with ligands of different chemical proper-
ties often yields questionable results (Ross et al., 2013). Scoring functions also neglect any
solvation effect, which can be central to ligand binding as water molecules can be a part of
the interaction interface. Indeed, including crystallographic waters during docking protocols
does significantly improve accuracy (Thilagavathi and Mancera, 2010; Santos et al., 2010).
To reduce computational cost, most docking programs by default consider the protein as a
rigid body and the ligand as flexible, following the traditional lock-and-key binding model
(Fischer, 1894). However, some methods (Totrov and Abagyan, 1997; Zavodszky and Kuhn,
2005) allows users to specify residues in the binding site, for which the side chains are made
flexible. Still, these protocols omit the motion of the protein backbone, which can be a cru-
cial component during ligand recognition, especially within a promiscuous binding site that
undergoes large conformational changes to accommodate various ligands. To include this
flexibility, MD simulations have to be employed.

2.3.2 End-point free energy methods

As the name suggests, the end-point methods require simulations of the end points of a
binding event, i.e. the unbound states (free protein and ligand) and the bound state (protein-
ligand complex). These methods provide a compromise between speed and accuracy as
they are faster than the theoretically-rigorous free energy calculations that require simula-
tions of intermediate states, and yet are more accurate than scoring functions as they take
into account protein-ligand dynamics. An ensemble of configurations is generated by MD
simulations and a thermodynamic average is calculated from them. Three examples of end-
point methods will be discussed, largely following reviews from Guitierrez-de Teran and
Aqvist (2012), Srinivasan et al. (1998) and Miller III et al. (2012).

Linear Interaction Energy (LIE)

LIE considers ligand binding as a partition problem: a ligand in solvent, l (free state), is
transferred into a water-solvated binding site of a protein (bound state) and the total change
in free energy associated with the ligand is calculated (Aqvist et al., 1994). The funda-
mental equation is derived from a thermodynamic cycle (Figure 2.6), whereby the transfer
process involves i) stripping from the ligand any intermolecular electrostatic interactions ii)
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Figs. 2.6: The thermodynamic cycle used to calculate DG using the LIE method. Protein (PepTSt)
is shown in green surface representation and ligand (AF) in orange sphere representation. Ligand
without intermolecular electrostatic interactions is depicted in white.

ligand binding where only non-polar interactions are present and iii) restoring the electro-
static components of the ligand. The free energy of binding, DG, can be estimated simply
as the sum of polar and non-polar energy changes between the two states of the ligand
(Equation 2.19). This method takes advantage of the way an MD simulation is performed,
whereby the force field similarly separate the polar and non-polar components of the inter-
molecular interactions into Coulomb (el) and Lennard-Jones (vdw) potentials, respectively
(Equation 2.9).

DG(l) = DGnonpolar +DGpolar

= a ·
�
Uvdw

bound �Uvdw
unbound

�
+b · (Uel

bound �Uel
unbound

�
(2.19)

To convert these potential energies, DU into free energies, DG, each DU term is factored
by an empirical constant. The original value of b was set to 0.5 based on the linear response
theory for electrostatic forces (Warshel and Russell, 1984). As this theory was first derived
for solvated ions, ligand molecules which display more chemical variety, have shown a
slight divergence. For dipolar compounds, the b value varies according to the number of
hydroxyl groups present in the compound, due to their ability to interact with the hydrogen
bond network of the solvent (Equation 2.20) (Carlson and Jorgensen, 1995; Aqvist and
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Hansson, 1996; Hansson et al., 1998). Further refinement by Almlof et al. (2007) considered
other chemical groups like amides, amines, and carboxylic acids, and compute the b values
for compounds containing a mixture of these chemical groups.

b =

8
>>>>>><

>>>>>>:

0.5 if q 6= 0

0.43 if q = 0, nOH = 0

0.37 if q = 0, nOH = 1

0.33 if q = 0, nOH � 2

(2.20)

The non-polar scaling constant, a , was first proposed to be 0.18, as derived empirically
using a training set of 18 molecules (Aqvist et al., 1994). This has since been successfully
reproduced for various protein-ligand systems, e.g. neutral ligands of cytochrome P450cam
(Almlof et al., 2004), charged potassium channel blockers (Osterberg and Aqvist, 2005;
Luzhkov and Aqvist, 2001) and large peptide-mimetics inhibitors of aspartate protease plas-
mepsins (Bjelic et al., 2007). A study to further refine the value of a suggests a correlation
to the hydrophobicity of the binding site (Wang et al., 1999). More recently, an “adapted”
LIE method was introduced by Linder et al. (2013), where both a and b coefficients are
fitted based on system-dependent polarity descriptors in order to increase the accuracy of
predictions. Additionally, an offset parameter, g , is often added to Equation 2.19 to fit the
predicted DG values to experimental data, although without g , the method can still predict
relative binding affinities or ranking of ligands.

Molecular Mechanics Poisson-Boltzmann/Generalized Born Surface Area (MMPB/GBSA)

Both the MMPBSA and MMGBSA methods are developed using the same fundamental
principle: the implicit solvation of protein, ligand and their complex (Figure 2.7) (Srinivasan
et al., 1998; Gouda et al., 2003). These methods calculate DG by subtracting the free energy
of the solvated unbound states from the free energy of the solvated bound state. The central
equation is:

DGbinding,solvated = Gcomplex,solvated � (Gprotein,solvated +Gligand,solvated) (2.21)

DGsolvated = EMM +DGsolvation,polar +DGsolvation,nonpolar �T Ssolute (2.22)

where EMM denotes the internal energies from the molecular mechanical force field, DGsolvation

represents the free energy of solvation, which is further decomposed into polar and non-
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Figs. 2.7: Thermodynamic cycle for free energy of binding prediction using the MMPB/GBSA
method. Solvated systems are illustrated in grey boxes, while systems in the gas phase are shown in
white boxes. Figure adapted from Miller III et al. (2012).

polar components, and Ssolute indicates the entropic contribution from the solute. The
MMPBSA and MMGBSA methods use the Poisson-Boltzmann equation and generalised
Born model, respectively, to estimate the polar component of DGsolvation. The non-polar
component is calculated based on the solvent accessible surface area (SASA). Finally, anal-
ysis of the normal modes is usually employed to estimate the solute entropy. This calcu-
lation, however, is associated with very large standard errors, often an order of magnitude
larger than that of other energetic terms (Kar et al., 2011), resulting in unreliable DG values.
Additionally, the improvement in the agreement with experimental data when entropy is in-
cluded has been shown to be small (Oehme et al., 2012). It is therefore common for relative
free energy calculations between related system to assume similar solute entropies, thereby
obviating the need to explicitly calculate them.

The Poisson equation describes the three dimensional electrostatic potential distribution
as:

—2y =
∂ 2y
∂x2 +

∂ 2y
∂y2 +

∂ 2y
∂ z2 = �r(r)

e0e
(2.23)

where r(r) represents the local charge density of the solute, e0 is the permittivity of free
space and e is the dielectric constant. The distribution of the ions is accounted for by a
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Boltzmann distribution as follows:

fB = 4p
N

Â
i

qicie
�qiyi
kBT (2.24)

where ci is the bulk concentration of ionic species, kB is the Boltzmann constant and T the
temperature. Solving the Poisson Boltzmann equation is computationally costly, therefore
an approximation is developed in the form of the Generalised Born model, which follows
the functional form:

Gs =
1

8p
·
⇣ 1

e0
� 1

e

⌘
·

N

Â
i, j

qiq j

fGB

where

fGB =
q

r2
i j +a2

i je�D

D =
⇣ ri j

2ai j

⌘
,ai j =

paia j

(2.25)

where qi is the atomic charge of particle i, ri j is its distance from particle j and ai is its
effective Born radius, which characterises the degree of burial of an atom. The accuracy of
the model lies in the accurate estimation of the effective Born radius (Onufriev et al., 2002).
When DG is computed using the MMPBSA and the MMGBSA methods, determining the
electrostatic component of the implicit solvation is the slowest step during the calculation.
For a system with the POT transporter, PepTSt, the MMGBSA method, on average, takes
around 5 minutes, whilst the MMPBSA method around 30 minutes. In comparison, the
LIE method converts the electrostatic potential directly into electrostatic force by a simple
multiplication step, therefore each calculation can be performed under a minute.

Equations 2.21 and 2.22 reflect the energies of the system at a single time point, but in
practice, just like the LIE method, the MMPB/GBSA method uses the averages from an en-
semble of configurations generated by MD simulations. To generate these ensembles, there
are two different approaches: i) the single trajectory protocol (STP) and ii) the multiple
trajectory protocol (MTP). STP requires only one simulation of the protein-ligand complex,
from which the ensembles of free protein and ligand are extracted. This approach assumes
that the protein and ligand sample a largely similar conformational space in the unbound
state compared to the bound state. It is not only less computationally expensive, but be-
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cause the configurations of the bound and unbound ensembles are identical, the internal
energy terms cancel out, reducing the overall noise and improving convergence of the free
energy of binding (Hou et al., 2011). For the MTP approach, three separate simulations are
performed: protein-only, ligand-only and protein-ligand complex. The MTP is appropri-
ate if there are large conformational changes involved during ligand binding, although this
approach requires significantly longer simulations for the three components to converge.

In general, the end-point methods are more reliable than scoring functions, but the use of
empirical constants and implicit solvation means quantitative comparison to experimental
data is still difficult as the magnitude of DG predicted could be way off from expected val-
ues. Kuhn et al. (2005) demonstrated that MMPBSA is useful to distinguish between good
and weak binders of markedly different IC50 values, but rarely capable of reproducing small
free energy differences. A good overall correlation to experimental data can be achieved
when the ligand test set comprises a group of compounds of diverse binding characteristics
(Brown and Muchmore, 2009). Intriguingly, MMGBSA performed better at ranking lig-
ands compared to the more computationally expensive MMPBSA (Hou et al., 2011; Oehme
et al., 2012). Additionally, the DG values predicted by end-point methods are often not
reproducible, such that different repeats of the same system can vary by as much as 10
kcal/mol (Wright et al., 2013). Therefore, for the most accurate and precise affinity predic-
tions, theoretically rigorous ‘exact’ methods have to be employed.

2.3.3 ‘Exact’ free energy methods

The ‘exact’ free energy methods are derived from rigorous theoretical underpinnings with-
out any empirical parameters. They are also frequently described as the “alchemical” meth-
ods as the chemical paths through which the calculation is performed are unphysical. As
depicted in Figure 2.8, four free energies are considered: the binding energies of A and B
to the protein (horizontal arrows), and the energies required to convert A to B in the un-
bound and the bound states (vertical arrows). As the free energy is a state function, the sum
around the close thermodynamic cycle is zero. Therefore, instead of directly calculating the
individual binding energies of A and B, which is computationally inefficient, the alchem-
ical methods compute the difference by measuring the energies needed for the alchemical
transformations (Equation 2.26). This approach can be applied to obtain a relative binding
free energy (DDG), in which case A and B are two different ligands, or an absolute binding
free energy (DG), for which the ligand is transformed into a dummy molecule. The alchem-
ical conversion is coupled to a collective variable, l , which varies from 0 (initial state) to
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Figs. 2.8: A thermodynamic cycle illustrating the use of alchemical transformation (dashed lines) to
indirectly calculate the difference in binding free energy (solid lines) of A and B to a protein (see
Equation 2.26).

1 (end state), that is used to scale the non-bonded interactions of the ligand to the protein.
Individual simulations are performed for over a range of l values and the free energy pro-
file between successive l s should overlap to ensure sufficient sampling. In this thesis, the
‘exact’ free energy method used is thermodynamic integration (TI).

DGA +DGbound �DGB �DGunbound = 0

DGB �DGA = DGbound �DGunbound

(2.26)

Thermodynamic Integration (TI)

To understand the theoretical basis of this method, the two free energies must be first con-
sidered: Gibbs, G, and Helmholtz, A:

G ⌘ H �T S; A ⌘ U �T S (2.27)

where H is enthalpy, U is the internal energy, T is the temperature and S is the entropy.
The former applies to the NPT ensemble, whereas the latter applies to the NVT ensemble.
To understand the difference between these two free energies, the partition function, Q,
which represents the sum of all the energies of the microstates existing in a system will be
considered:
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QNPT =
Z Z

e�b (U+pV )dUdV ; QNV T =
Z

e�bU dU (2.28)

where b = 1
kBT . All of the simulations performed in this thesis are conducted in the NPT

ensemble to match the experimental conditions, where the pressure is constant. As the
volume is allowed to change during the simulation, the partition function, Q, contains the
integration over the volume and the Boltzmann factor has a pV term, making the derivation
of equation of thermodynamic integration more convoluted. This equation shall therefore
be derived in the NVT ensemble to simplify the math, and later a corresponding expression
for the NPT ensemble will be quoted by analogy.

First, the Helmholtz free energy, A, can be written in terms of the partition function, Q:

A = � 1
b

ln Q (2.29)

Assuming A is a continuous function of the coupling parameter, l , where 0  l  1, we
can write:

DA =
Z 1

0

∂A
∂l

dl (2.30)

Substituting for A using Equation 2.29 gives:

DA = � 1
b

Z 1

0

∂ ln Q
∂l

dl

= � 1
b

Z 1

0

1
Q

· ∂Q
∂l

dl

(2.31)

Finally, substituting the partition function from Equation 2.28 into Equation 2.31 gives:

DA = � 1
b

Z 1

0

�b
e�bU · e�bU ∂U

∂l
dl

=
Z 1

0

*
∂U
∂l

+

l

dl

(2.32)
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Figs. 2.9: The application of soft-core potential to avoid singularity. (a) Using the Lennard-Jones
12-6 function, when l ! 0, the van der Waals potential is slowly reduced but the singularity remains
until l = 0, resulting in an abrupt change in energy. (b) The soft core van dew Waals potential
removes the singularity for a smooth transition.

By analogy, for the NPT ensemble, the Gibbs free energy can be written as:

DG =
Z 1

0

*
∂U
∂l

+

l

dl (2.33)

assuming that the pressure and volume of the system is independent of l . In practice, this
means that the ensemble average of the derivative of the potential energy of the system, U ,
with respect to l , for several values of l must be determined. These ∂U

∂l values are then
plotted against l and the area under the curve, or the integral, is the value of DG. In this
thesis, this integration is performed numerically using the trapezoid rule.

The alchemical MD simulation proceeds by linearly scaling the potential energy func-
tion of the molecule being transformed via l to the potential energy of the initial structure,
A, and the final structure, B:

U = (1�l )UA +lUB (2.34)

A problem arises with the van der Waals forces as the l value approaches zero (or one
in the case of (1-l ). The Lennard-Jones 12-6 function (fourth term in Equation 2.10) in-
troduces a singularity at r = 0, brought on by the r�6 and r�12 terms. When this function
is multiplied by a value that is close to zero, the volume encapsulated by this singularity
becomes increasingly small (Figure 2.9(a)), but the singularity remains until l = 0. There-
fore, there is an extremely abrupt change in ∂U

∂l from l close to zero to l = 0, such that



2.3 Computational predictions of binding energy 55

an accurate numerical integration around this region becomes impossible. This also means
that A is no longer a continuous function of l . One way to solve this problem is to use a
soft-core van der Waals potential (Beutler et al., 1994):

Uvdw = 4le

 
s12

i j
⇥
a(1�l )s6

i j + r6
i j
⇤2 �

s6
i j

a(1�l )s6
i j + r6

i j

!
(2.35)

where a is a positive constant that denotes the “softness” of the potential. This potential
function ensures that the van der Waals potential approaches a finite value as the inter-atomic
distance r reaches zero, as a result of which, the transition of ∂U

∂l from l close to zero to
l = 0 becomes smoother (Figure 2.9(b)). The soft-core potential shall therefore be applied
in the alchemical simulations in this thesis to avoid end-point integration errors.

Another important practical aspect when performing alchemical simulation is to avoid
turning off electrostatic charges and van der Waals potentials at the same time. If two
oppositely charged atoms, A and B, are considered, scaling back the van der Waals interac-
tions will remove the repulsive force between them. The electrostatic potentials, however,
scale much slower, thus A and B are still attracted to each other due to their residual partial
charges. As the Coulomb potential is inversely proportional to r, when r = 0 A and B will be
trapped on top of each other with an infinite energy, which in practice, causes the simulation
to crash. To avoid this problem, each alchemical transformation in this thesis is divided into
three steps: i) removing the atomic partial charges, ii) removing the van der Waals potentials
of the disappearing atoms whilst adding those of the emerging atoms, and iii) adding back
the atomic partial charges. As such, predicting DG using the TI method is significantly more
computationally demanding than both the scoring functions and the end-point methods.

Due to their rigorous theoretical framework, the ‘exact’ free energy methods produce
the most reliable results. For example, Rizzo et al. (2000) used these methods to study the
binding of the HIV drug sustiva to HIV-1 reverse transcriptase and managed to compute DG
within 1-2 kcal/mol from experimental data. These alchemical free energy methods have
also been used to validate a homology model of a G-protein-coupled receptor by calculating
the relative DG of several known inhibitors (Hénin et al., 2006). To gain mechanistic insights
into the F1F0-ATPase, Yang et al. (2003) conducted several relative DG calculations and
identified the tight binding site of ATP. Nevertheless, as these methods require a prodigious
amount of computational resources, the number of ligands studied in each paper is usually
small and the calculations are mostly limited to relative binding free energies.



2.4 Experimental transport assays 56

2.4 Experimental transport assays

In this thesis, binding free energies computed using methods discussed in §2.3 will be com-
pared to experimentally determined affinities. To date, transport assays in whole cells (in
vivo) or proteoliposomes (in vitro) remain the standard approach for the functional studies
of peptide transporters, including to measure substrate affinities.

Whole cell uptake assays are performed by over-expressing the protein of interest in a
heterologous system, e.g. the human colon adenocarcinoma (Caco-2) or Madin-Darby ca-
nine kidney (MDCK) epithelial cell lines for human membrane transporters (Volpe, 2011).
Studies involving human PepT1 (Eddy et al., 1995; Knütter et al., 2004; Biegel et al., 2005;
Vig et al., 2006) are usually conducted in a stably-transfected Caco-2 cell monolayer uptake
assay (Figure 2.10a). A similar technique, albeit using E. coli cells as the expression sys-
tem, has been used to study bacterial POTs such as PepTSo (Newstead et al., 2011), YjdL
(Jensen et al., 2012; Ernst et al., 2009), YdgR (Weitz et al., 2007; Malle et al., 2011; Bippes
et al., 2013) and YhiP (Harder et al., 2008). One downside of this uptake assay is the lim-
ited choice of reporter substrates that can be used. As naturally occurring peptides are hy-
drolysed inside the cells, which renders uptake measurement impossible, non-physiological
peptide analogues are used instead e.g. glycylsarcosine (GlySar) and b -Ala-Lys-AMCA.
Borrowing the technique from ion channels, some studies (Knu et al., 2009; Ilka et al.,
2008) have resorted to using two electrode voltage clamp electrophysiology, exploiting the
electrogenic nature of these transporters. For this approach, the protein is over-expressed in
Xenopus laevis oocytes and the proton influx that occurs concurrently with substrate uptake
is measured. This method eliminates the need for a reporter substrate as the current mea-
sured is a direct indication of transport. It can also differentiate between a true substrate and
a competitive inhibitor. For both types of in vivo assays, however, it is imperative to rule out
the effects of other endogenous transporters, which might cause false positive results. Also,
these methods vary from lab to lab due to different cell origins and culture conditions and
between repeats due to variable protein expression levels. Therefore, comparison of results
are often difficult.

Proteoliposome transport assays are a more robust system (Figure 2.10b) (Newman
and Wilson, 1980). This assay uses an artificially imposed electrochemical gradient created
by the addition of valinomycin, a potassium-specific ionophore that causes efflux of K+.
The resulting positive-out/negative-in environment across the membrane of the liposome
activates the transporters (Lolkema et al., 1991). Passive transport, i.e. non-electrogenic
uptake driven by the concentration gradient of the substrate, can also be studied by us-
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Figs. 2.10: Two types of transport assays used in the study of POT family transporters. (a) Whole
cell uptake assay involves growing a layer of epithelial cells inside a well and incubate them with
a medium containing substrates (red diamond). Substrates are labelled (radioactively or by a fluo-
rescence tag) to quantitate the amount of uptake. Figure adapted from Volpe (2011) (b) Transporter
proteins (blue square) are purified and reconstituted into a liposome containing a high concentration
of K+. Introduction of valinomycin induces efflux of K+ and creates an electrochemical gradient
across the membrane that drive the uptake of substrates. These substrates are also labelled for mea-
surement.
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ing a high concentration of substrate inside the liposome that triggers the transporters to
exchange them with external substrates (counterflow assay). Like the traditional in vivo
uptake assay, substrates are often radio-labelled. However, as they are not hydrolysed after
transport, physiological peptides like AlaAla can be used. Recent studies (Lee et al., 2013;
Parker et al., 2014) employed pH sensitive dye like pyranine to directly measure the accu-
mulation of protons inside the liposome. Proteoliposome-based assays are not amenable
to electrophysiology as the small size of the system makes accurate measurement of cur-
rent impractical. Still, this in vitro assay is popular amongst bacterial transporters (Hagting
et al., 1997; Fann et al., 2003; Dang et al., 2010; Doki et al., 2013) as it allows for a bet-
ter control of experimental conditions, e.g. substrate and ion concentrations, which results
in more meaningful comparisons between different studies. Also, there is no influence of
other transporters on substrate uptake. However, this approach has yet to be applied to
human POTs due to the difficulties to purify the protein, and therefore current studies on
PepT1 and PepT2 are limited to cell-based assays.

A competition assay is the most common approach to compare the affinities of various
substrates. By measuring the residual uptake of a reporter substrate, e.g. 3H-AlaAla or
14C-GlySar, the transporter’s affinity for a competing substrate of interest can be inferred.
The typical metric for a competition transport assay is IC50, which is the concentration of a
competing substrate required to reduce the uptake of a reporter substrate by half. A low IC50

value corresponds to a strong competition and thus high substrate affinity and, by extension,
more negative binding energy. In this thesis, IC50 values are used as the experimental data
to which the computational predictions of binding free energy are compared.

2.5 Homology modelling

Since the first high resolution crystal structure of a protein was solved in 1958 (Kendrew
et al., 1958), the number of unique proteins with structures determined by X-ray crystallog-
raphy has increased exponentially to ⇠110,000 (Berman et al., 2000). This number, how-
ever, is small compared to ⇠54 millions currently annotated protein sequences (Bairoch and
Apweiler, 2000). As protein structure is much more conserved than sequence during evo-
lution, homology modelling is frequently employed to predict unknown protein structures.
For an in depth review on homology modelling, see a book by Orry and Abagyan (2012).

First, a template structure is selected based on sequence similarity. If a suitable template
is not known, the sequence of the protein of interest can be used as a query for searching a
database using the basic local alignment search tool (BLAST). The higher the sequence ho-
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mology, the higher the confidence in the modelled structure, with a 30% sequence identity
generally accepted as a lower threshold to generate a useful model (Eswar et al., 2003). The
sequence of this template is then aligned to that of the protein to be modelled. Automated
sequence algorithms like Probcons (Do et al., 2005) are frequently utilised at this step, al-
though manual curation of the alignment is often necessary, especially when the homology
between the two sequences is low. A multiple sequence alignment consisting of the target
and template proteins from various organisms is recommended as it can highlight the evo-
lutionary relationship between the proteins, and therefore increases the probability for key
residues to be correctly aligned.

Based on the crystal structure of the template and the sequence alignment, the model is
built by mapping the position of the target residue to the coordinates of the corresponding
amino acids on the template. The backbone of the residue is modelled first, while the side
chain is later added using rotamer libraries. Additionally, spatial restraints, often obtained
from biophysical studies like double electron-electron resonance (DEER) spectroscopy, can
be included during this step to increase the validity of the model. The regions in the protein
without any template information are modelled de novo, typically as loops, and represent the
least reliable regions in the model. Finally, the homology model is evaluated, for example,
using the discrete optimised protein energy (DOPE) score (Shen et al., 2006). The DOPE
scores assess the atomic distances in a model and compare them to the ones observed in
available crystal structures. Other metrics regularly used to evaluate a homology model
are the backbone f and y angles using the Ramachandran plot (Ramachandran et al., 1963)
and the Molprobity scores (Chen et al., 2010). In this thesis, the Modeller program (Sali and
Blundell, 1994) will be used to generate a homology model of human peptide transporters.

2.6 Protein-protein docking

Protein-protein interactions are ubiquitous in biology (Jones and Thornton, 1996). Predict-
ing the structure of a protein-protein complex, however, is one of the most challenging tasks
in computational modelling. When the three-dimensional structures of two independently
crystallised (or modelled) proteins are docked to each other, the number of possible com-
plexes is so enormous that distinguishing the native structures from the false positives is
almost impossible. Experimental inputs, for example the residues involved in the inter-
actions, are crucial to delineate the binding interface, effectively reducing the number of
degrees of freedom during docking. The models of a protein complex are usually evaluated
and ranked using scoring functions to find the best configuration.
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In this thesis, the ClusPro program developed by Comeau et al. (2004) will be used to
perform protein-protein docking. Cluspro takes the coordinates of two proteins and uses
the DOT rigid-body docking algorithm (Mandell et al., 2001) to dock them together based
on shape complementarity. The resultant models are filtered based on the electrostatic and
desolvation free energy, both of which are calculated empirically using simplified energy
functions (Camacho et al., 2000; Zhang et al., 1997). As many as 2000 candidate com-
plexes are retained for clustering, where one protein is “fixed” (designated as the “receptor”)
and the complexes are grouped based on the positions of the other protein (“ligand”). The
complex with the ligands having the most neighbours is then selected as the representative
structure of the cluster. Finally, these are subject to a short energy minimisation step using
CHARMM (Brooks et al., 1983) to remove clashes between side chains. ClusPro is a fully
automated docking program that can be accessed at http://cluspro.bu.edu/login.php.

http://cluspro.bu.edu/login.php


Chapter 3

Binding affinity predictions using free
energy methods

A range of binding affinity prediction methods were used to predict the
preference of a bacterial peptide transporter, PepTSt, to a group of pep-
tides. By comparing the results to an in vitro competition transport assay,
it was shown that end-point methods, such as molecular mechanics Poisson
Boltzmann surface area (MMPBSA), are capable of distinguishing between
good and poor substrates. More computationally demanding methodolo-
gies like thermodynamic integration (TI) can subsequently be used to im-
prove the results within the subset of good substrates. Scoring functions, al-
beit being the fastest approach, failed to replicate experimental results and
essentially produce near random predictions. By plotting correlation to ex-
perimental data against computational expense, it appears that the most
pragmatic way to predict binding affinities is through a hybrid approach—
end-point methods to broadly classify the ligands and theoretically exact
methods for refining the results.

3.1 Binding affinity and transport

In Chapter 2, the importance of measuring the free energy of binding, DG, in the study of
biomolecular interactions was discussed. In recent years, predicting binding affinity using
computational methods has become a popular option to study molecules that are difficult
to synthesise and also to enhance understanding on specific intermolecular interactions that
cannot be directly observed (Schames et al., 2004; Fowler et al., 2007; Wang et al., 2006a;
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Ge et al., 2012; Wright et al., 2013; Spiliotopoulos et al., 2012). For membrane transporters,
however, estimating binding affinity in silico is currently not widespread for both practical
and theoretical reasons. It is currently challenging to experimentally determine the DG of
binding of a small molecule ligand to a membrane protein as a lipid bilayer is required
for the protein to function properly. As such, data to which computationally predicted DG
values can be quantitatively compared are scarce.

Ligand affinities to a membrane transporter are typically measured using competition
transport assays, whereby the the ability of a certain ligand of interest to compete the trans-
port of a reporter substrate is measured. The most common metric used to compare between
different ligands is IC50, which is the concentration required to reduce the transport of the
reporter substrate by half. Ligands with a high affinity will therefore have a small IC50

value as they need a small amount to outcompete the reporter substrate. It is worth noting,
however, that IC50 is not a measure of how well a ligand is transported by the membrane
transporter. In human peptide transporters, for example, large hydrophobic tripeptides like
TrpTrpTrp displayed low IC50 values but are not transported, and are therefore competitive
inhibitors (Biegel et al., 2005, 2006).

During a complete transport cycle, a transporter protein must undergo significant con-
formational changes to move a substrate from one side of the membrane to the other. The
relationship between IC50 value and DG of binding to one structure of the transporter during
this cycle, if any, is poorly understood. As initial substrate binding occurs in the outward
facing conformation, the competition between a ligand of interest (for which the IC50 value
is measured) with the reporter substrate is most likely to happen at this stage. It is therefore
probable that the IC50 value is somewhat related to DG of binding in the outward facing
conformation; whether such a relationship persists in other conformational states (occluded
and inward facing) is still up for debate.

The apparent affinity of substrates also depends on the rate of conformational change
as this will determine the distribution of transporters that are accessible to the ligands for
binding to occur (Eraly, 2008). It is so far unclear how the strength of binding of a ligand
correlates to the rate of conformational change of a transporter. The crystal structure of a
plant nitrate transporter, NRT1.1, suggests that the overall turnover rate is dependent on the
gating efficiency (Parker and Newstead, 2014). A recent study of the glutamate transporter
homolog, GltPh, proposed an inverse relationship between substrate affinity and transport
domain motion (Akyuz et al., 2014). For human PepT1, it has been shown that certain
compounds like the angiotensin-converting enzyme (ACE) inhibitors can act as competi-
tive inhibitors for the transporter (Brandsch, 2009), indicating that ligand binding is not a
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Figs. 3.1: The structures of peptides that were used to asses binding affinity prediction methods.

guarantee for a conformational change leading to transport.
Additionally, as the molecular architecture of the binding site changes during a confor-

mational change, it is also likely that the binding affinity of a ligand differs at every step.
The glucose transporter GLUT1, for example, has approximately 10 times higher appar-
ent affinity for D-glucose in the outward facing state compared to the inward facing state
(Brahm, 1983). To complicate things even further, the transport of substrate is coupled to
the movement of one or more ions in either a parallel (symport) or an anti-parallel (antiport)
direction, which means that more than one association and dissociation events should be
considered. Therefore, deriving an “experimental” DG from an IC50 value is at best ap-
proximate. It is more sensible to use experimentally measured IC50 as a proxy for binding
affinity and compare them to computational predictions only in a qualitative manner.

Here, the question of which computational method can best predict the binding affinity
of peptide to the POT transporters is addressed, using a bacterial homolog PepTSt as a model
system. Based on the availability of experimental data, eight peptides are selected for the
test set (Figure 3.1), which represent a wide range of transport properties as depicted by the
IC50 values from competition transport assays (Solcan et al., 2012) (Table 3.1). Five dif-
ferent computational methods for calculating DG are chosen, which will be validated using
this test set. These methods vary in the amount of computational resources required, from
the fast structure based scoring function in AutoDock (Trott and Olson, 2010), to the inter-
mediate end-point methods, which are linear interaction energy (LIE), molecular mechanics
generalised Born surface area (MMGBSA), and molecular mechanics Poisson Boltzmann
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Table 3.1: Peptide transport by PepTSt

Peptide IC50 (µM)
PhePhe 5.5
AlaPhe 21.5
AlaAla 36.0
GlyGln 37.1
AlaTyr 69.9
CycGly 342.0
AlaAlaAla 404.3
GluGlu 597.6

IC50 values were measured by
competition transport assays in re-
constituted proteoliposome using
3H-Ala-Ala as the reporter substrate
(Solcan et al., 2012).

surface area (MMPBSA), to the rigorous exact method, thermodynamic integration (TI).

3.2 Methods

For completeness, the methods discussed in Chapter 2 are outlined briefly here, focussing
on the parameters that were used for the MD simulations and free energy calculations, and
the statistical methods to analyse the results.

3.2.1 Modelling peptide binding

Using the crystal structure of PepTSt bound to AlaPhe (PDB ID: 4D2C (Lyons et al., 2014)),
the binding of six dipeptides, i.e. PhePhe, AlaAla, GlyGln, AlaTyr, CysGly and GluGlu,
were modelled using Modeller version 9v9 (Sali and Blundell, 1994) (Figure 3.2). By visual
inspection, we ensured that the backbone of these peptide substrates made the same contacts
with residues in the binding site as the backbone of AlaPhe. As a result, only the side chain
of the peptide substrates was altered, whilst the structures of the rest of the protein and
substrate were kept identical to the original crystal structure.
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Figs. 3.2: Modelling dipeptides based on the crystal complex of PepTSt-AlaPhe. For clarity, only the
binding site of the protein is shown with H2, H11, HA and HB removed.

3.2.2 Binding energy prediction

Scoring Functions AutoDock Vina (Trott and Olson, 2010) was used to dock each pep-
tide to the binding site. Each docking procedure produced 9 binding poses, which were then
compared to the crystal structures (for AlaPhe and triAla) and models (other peptides). The
score for the most similar binding pose (based on all-atom RMSD) is taken as the affinity
value. No MD simulations were involved in this protocol.

End-point methods Two MD simulations were performed for each peptide: i) peptide
bound to PepTSt and ii) the free peptide in solution. The LIE method uses the trajectories
from both simulations, whilst for MMGBSA and MMPBSA, only the former is used fol-
lowing the single trajectory protocol (Hou et al., 2011), whereby the trajectories of unbound
PepTSt and free peptide were extracted from it. A GROMACS tool, g_lie, was used to
calculate DG values along the simulation trajectory based on the LIE method, while for
MMGBSA and MMPBSA, a python program integrated inside the AmberTools package,
MMPBSA.py, was used (Miller III et al., 2012).
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PepTSt PepTSt-AF+ AF

PepTSt PepTSt-XX+ XX

ΔGAF
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ΔG1

PepTSt PepTSt-AF
0+ AF0

PepTSt PepTSt-XX
0+ XX0

ΔG2

ΔG3

ΔG1

ΔG2

ΔG3

boundunbound

Figs. 3.3: A thermodynamic cycle to calculate the relative binding free energy of dipeptide XX with
respect to AlaPhe. The transformation of AlaPhe to XX is divided into three steps: DG1 for removing
the electrostatic charge, DG2 for altering the van der Waals interactions, and DG3 for adding the
electrostatic charge.

Thermodynamic integration The TI method was applied to only three hydrophobic
dipeptides, AlaAla, PhePhe and AlaTyr, to calculate the relative free energy of binding,
DDG, with respect to AlaPhe, based on the thermodynamic cycle shown in Figure 3.3. As
discussed in Chapter 2, free energy is a state function, therefore to calculate DDG of AlaPhe
and XX, the difference in energies required to transform AlaPhe to XX in the bound and
unbound state was measured.

Alchemical transformation MD simulations were performed using the PepTSt-AlaPhe
crystal structure for the starting coordinates and the dipeptide ligand was morphed to ei-
ther AlaTyr, PhePhe or AlaAla. The dual topology approach was employed, whereby the
vanishing and growing atoms were represented separately. For example, during the trans-
formation of AlaPhe to AlaAla, both the phenyl ring and the methyl group were attached
to the second amino acid residue at the same time. However, to minimise the number of
alchemical transformations, branching was done at the Cb atom rather than the Ca atom.
The phenyl ring was morphed to a ring of dummy atoms while another dummy atom was
transformed into a hydrogen to form a complete methyl group (Figure 3.4). All alchemical
transformations involved only the non-bonded interactions while bonded interactions were
kept the same throughout the simulations (Boresch and Karplus, 1999; Boresch, 2002).

Each transformation was further divided into three steps: i) removing the electrostatic
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Figs. 3.4: Dual topology approach for the transformation of AlaPhe to AlaAla. For clarity only the
Ca and side chain of the second residue was shown. Dummy atoms are represented as “D” and
coloured in silver.

charge on the disappearing chemical groups, ii) removing the van de Waals envelope of the
disappearing groups while growing that of the emerging chemical groups, and iii) recharging
the emerging groups (Figure 3.3). The transformation was done by coupling the non-bonded
potential terms to a scaling parameter l , whereby at l = 0, the non-bonded terms of AlaPhe
was used whilst at l = 1, the non-bonded terms of XX was used. A soft core potential
(Beutler et al., 1994) was used in step (ii) to avoid singularities and instabilities. For each
step, eleven independent 5 ns MD simulations with varying l values were performed i.e.
(l = 0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1). The ∂U

∂l values were computed every 1 ps
and these were used to estimate equilibrium and correlation times. After discarding data
from the equilibration period, de-correlated ∂U

∂l values were integrated using the trapezoid
rule to obtain a DG value along the 5 ns trajectory. In total, for each DDG, 66 simulations
(330 ns in total) was used for this calculation.

3.2.3 Simulation details

PepTSt and all peptides were parametrized using the standard Amber99SB force field (Lindorff-
Larsen et al., 2010). Peptide-bound PepTSt was embedded in a pre-equilibrated 381-molecule
POPC model membrane from Dickson et al. (2012) inside a simulation box of dimensions
10 nm⇥13 nm⇥15 nm using the GROMACS g_membed protocol (Wolf et al., 2010). The
simulation box was hydrated by TIP3P water (Jorgensen et al., 1983) and neutralised by
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Figs. 3.5: Schematic illustration of the block averaging method used to coarse-grain MD output data
to gain independent samples.

0.15 M Na+ and Cl� ions. The steepest-descent protocol was used to minimise the sys-
tem before being subject to a 1 ns equilibration simulation, during which heavy atoms were
positionally restrained. This restraint was removed for a production MD simulation, the
trajectory of which was used in the free energy calculations. Peptide-only simulations un-
derwent the same protocol, albeit without the membrane and in a smaller simulation box
(size 3 nm⇥3 nm⇥3 nm). The length of simulations performed for the end-point methods
was 1 ns and for the TI method, 5 ns for each l . The temperature was kept at 310 K using
the velocity-rescaling thermostat with a time constant of 0.1 ps (Bussi et al., 2007). The
pressure was kept at 1 atm by a semi-isotropic coupling to the Parrinello-Rahman barostat
with a time constant of 1.0 ps and compressibility of 4.5 ⇥ 10�5 bar�1 (Parrinello, 1981).
The lengths of all bonds with hydrogen atoms were constrained using the LINCS algoritm
(Hess et al., 1997), so an integration time step of 2 fs could be used. Long-range elec-
trostatic interactions were calculated using particle mesh Ewald (PME) method (Essmann
et al., 1995) using a real space cutoff of 12 Å, and the van der Walls forces were cutoff at
12Å. The energy data were written out every 1 ps.

3.2.4 Statistical Analysis

Convergence analysis and error estimation For binding affinity prediction methods
that uses MD simulations as their input, it is essential to calculate two timescales: i) the
equilibration time, teq, which is the time required for the simulation to reach equilibrium
and ii) the autocorrelation time, t , which is the time between effectively independent sam-
ples. The former is used to discard non-equilibrated data while the latter is important to
calculate statistical errors. Both of these values were estimated using the method of reverse
cumulative averaging (Yang et al., 2004) that uses block averaging (Flyvbjerg and Petersen,
1989) and statistical inefficiency (Friedberg and Cameron, 1970).



3.2 Methods 69

A series of measurements from an MD simulation is highly correlated. The block av-
eraging technique is used to “coarse-grain” these data until consecutive points become in-
dependent of one another, which is a prerequisite for accurate subsequent analyses. A set
of N original MD output values of x0,x1,x2 . . . ,xN , {xi} with a variance of s2

x is divided
into sequential and non-overlapping bins of equal width nb. The mean of xn inside each bin
is calculated to form a second dataset {yi} with a variance of s2

y (Figure 3.5). This pro-
cedure is reiterated with increasing nb values until {yi} becomes uncorrelated. Statistical
inefficiency, f is given by equation 3.1 and correlation time, t is the limiting value of f as
nb ! •.

f = nb ·
s2

y

s2
x

(3.1)

This block averaging technique is performed from the last frame, t = N, to the first
frame, t = 0, effectively generating a reverse coarse-grained data set. Multiple block averag-
ing steps are conducted and, for each step, an increasing portion of initial data are excluded.
The fundamental idea behind this method is that when non-equilibrated data are included
during the calculation, f will not have an asymptote. This is caused by the lower frequency
motions often found in non-equilibrated system that are correlated over a longer timescale.
By determining the smallest amount of initial data that has to be excluded for a converging
value of f , the value of teq can be estimated. Once the data before teq is eliminated, the
standard error can be calculated using equation 3.2. See Figure 3.6 for an example of how
these statistical analyses were used in this thesis.

s =

r
s2

x · t
N

(3.2)

Performance analysis for prediction methods The performance of each binding affin-
ity prediction method was assessed by two statistical metrics: i) Spearman’s rank correlation
coefficient (Lehmann and D’Abrera, 1998), r and ii) Pearson product-moment correlation
coefficient (Pearson, 1895), r.

r is a measure of correlation between the rank of two variables and it does not directly
take into account the actual value of the raw data. In this case, for example, the IC50 values,
Xi and predicted DGs, Yi were ranked from the best substrate to the poorest substrate and the
two rankings were compared using this equation:

r = 1� 6 ·S(xi � yi)
2

n(n2 �1)
(3.3)
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Figs. 3.6: An example of using the reverse cumulative averaging method to calculate teq and t . (a)
DG data calculated using the LIE method from a 1 ns simulation of PepTSt bound to AlaPhe. The
non-equilibrated region is shown in orange. (b) Nine statistical inefficiency analyses, each excluding
either 0, 0.1, 0.2, 0.3 ,0.4 ,0.5, 0.6, 0.7 or 0.8 ns of the initial simulation data. An asymptote is
reached at 20 ps (corresponds to t) when T0 = 0.2 ps (teq).

whereby xi is the ranking for Xi, yi is the ranking for Yi and n is the size of the dataset.
Whilst r provides the simplest qualitative way of comparing between experimental and

simulation data, r is a more stringent statistical test, whereby correlation between the co-
variance of the two datasets is evaluated, essentially computing a linear correlation. The
calculation for r is described below:

r =
S(Xi � X̄) · (Yi � Ȳ )p
S(Xi � X̄)2 ·S(Yi � Ȳ )2

(3.4)

whereby X̄ is the mean value of Xi and Ȳ is the mean value of Yi. As previously discussed,
due to the intricate nature of the mechanism of a membrane transporter, it is not known
exactly how DG varies with IC50. For the sake of comparison between the different binding
affinity prediction methods, here it shall be assumed that DG varies linearly with the log of
IC50 following the relationship described by Equation 2.13.

For both analyses, a value of 1 represents perfect positive correlation, 0 represents no
correlation (random prediction) and -1 represents perfect negative correlation.
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3.3 Results and Discussion

The summary of how all the prediction methods perform is shown in Table 3.2. All end-
point methods and the TI method show good agreements with experimental data, while
AutoDock gives inferior performance as shown by the low correlation coefficients.

Table 3.2: The performance of binding affinity prediction methods for PepTSt

Correlation measure AutoDock LIE MMGBSA MMPBSA TI
r 0.43 0.74 0.67 0.71 1.00
r 0.54 0.66 0.78 0.69 0.99

r represents Spearman’s rank correlation coefficient calculated using Equation 3.3, whilst r represents
Pearson correlation coefficient calculated using Equation 3.4..

3.3.1 Docking scores are inaccurate.

AutoDock is able to reproduce the binding orientation observed in the crystal structure to
an RMSD of less than 2 Å (for all atoms), but the score for the correct pose is not always
the highest amongst all suggested poses (Figure 3.7). Also, when the scores for all eight
peptides in the test set are compared to the experimental IC50 values, it is obvious that
AutoDock fails to rank the ligands correctly (Figure 3.8). This is exemplified by the poor
substrate, GluGlu, which is predicted to have a similar affinity to a good substrate, AlaPhe
(DG = -5.4 and -5.7 kcal/mol, respectively).

Table 3.3: Predicted DG for peptide binding to PepTSt based on AutoDock

Peptide DG (kcal/mol)
PhePhe -6.5
AlaPhe -5.6
AlaAla -4.4
AlaTyr -5.6
GlyGln -5.0
CysGly -4.0
AlaAlaAla -5.2
GluGlu -5.4

There are at least two reasons why AutoDock does not perform well in this test: i) it
uses a simplified scoring function and ii) it takes no account of dynamics in the calculation.
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Predicted docking poses:

ΔG = -5.9 kcal/mol -5.7 -5.7

-5.7 -5.7 -5.6

-5.6 -5.6 -5.6

RMSD = 8.8 Å 2.4 5.2

4.2 6.0 4.0

4.4 1.6 2.0

Figs. 3.7: An example of a docking protocol using AutoDock Vina for AlaPhe. The search space
is illustrated by the red box and all nine binding poses predicted by the program are shown. These
are ranked based on DG estimated by a scoring function. The proposed AlaPhe binding orientations
(pink) are compared to the crystal structure (orange) and the all-atom RMSD is shown. For clarity,
H2, H11, HA and HB are removed.

AutoDock uses a scoring function that is inspired by the X-SCORE (Trott and Olson, 2010;
Wang et al., 2002). It was developed using a training set of 190 protein-ligand complexes
of known binding affinities by a regression analysis, which tend to pick up only common
interaction characteristics from the training set and therefore is likely to miss others that are
not included in the study. This is apparent when they used the scoring function against a test
set of 30 protein-ligands complexes, for which the correlation to experiment was only 0.36,
comparable to the results obtained in this thesis.

A comparative study of various scoring functions by Cheng et al. (2009) showed that
X-score yielded reasonable results with certain types of protein-ligand complexes, for ex-
ample trypsin (r=0.8) and thrombin (r=0.6) complexes, for which there exists a notable
correlation between binding constants and the size of ligands. In other cases where such
correlation is not obvious, X-score performed poorly, for example for HIV protease com-
plexes (r=0.3). This suggests that X-score relies too heavily on physical properties of the
ligand for its prediction. Our peptide test set also displays low correlation between the size
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Figs. 3.8: Binding affinities of peptides
to PepTSt, as predicted by AutoDock. X-
error bars indicate standard errors from
three repeat measurements.

of ligands and IC50 values: AlaTyr and GluGlu have similar molecular weights but very
different IC50 values. This might contribute towards the poor performance of the scoring
function.

AutoDock also uses only one snapshot of the protein-ligand complex and as such ignores
any rearrangements that occur during binding. This method will only be accurate if the pro-
tein is rigid and the binding of a ligand follows the “lock-and-key” model (Fischer, 1894).
A promiscuous protein such as PepTSt, however, undergoes considerable conformational
changes to accommodate different ligands. As discussed earlier, this method also failed
with HIV protease, in which ligand binding also involves large conformational changes
(Cheng et al., 2009). It can therefore be concluded that AutoDock is inadequate to accu-
rately predict peptide binding affinities for PepTSt due to the simplified scoring function and
lack of dynamics information.

3.3.2 End-point methods accurately predict transport.

A short 1 ns simulation of peptide-bound PepTSt and peptide in solution was performed
for each peptide using the parameters discussed in the previous section. Statistical analysis
suggests that most of the simulations take a very short time to equilibrate (⇠300 ps), except
the simulations of PepTSt-AlaAla and PepTSt-GluGlu, which reaches equilibrium only after
800 and 600 ps, respectively, leaving only 200 and 400 ps for data analysis. Also, all 8
simulations have t  20 ps.

Unlike AutoDock, all the end-point methods manage to agree reasonably well with ex-
perimental data with encouraging r of around 0.7 (Figure 3.9). The predicted DG values
are also distributed within a larger range (⇠60 kcal/mol), as a result of which the good and
poor substrates are better distinguished. All methods consistently produce better rankings
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Table 3.4: Predicted DG for peptide binding to PepTSt based on end-point methods

Peptide
DG (kcal/mol)

LIE MMGBSA MMPBSA
PhePhe 34.3 -40.8 6.2
AlaPhe 26.7 -39.5 -5.0
AlaAla 30.6 -17.3 8.3
AlaTyr 37.2 -43.9 -1.4
GlyGln 35.8 -24.2 6.3
CysGly 32.9 -20.0 7.5
AlaAlaAla 48.3 -2.7 29.2
GluGlu 74.4 14.0 51.4

As these methods rely on empirical constants and implicit sol-
vation, the magnitude of DGs calculated may seem dubiously
large (or small) and therefore should not be considered as the
true binding energy.

than AutoDock and are able to separate GluGlu and triAla (the two worst substrates) from a
group of hydrophobic dipeptides, AlaPhe, AlaTyr and PhePhe, (the best substrates). These
methods also suggest a stronger linear correlation between DG and the log of IC50 with r
value around 0.7.

Interestingly, all three end-point methods overestimated the binding affinity of CysGly.
From the transport assay, CysGly can be classed as a poor substrate with a comparable
IC50 value to triAla. The predictions, however, rank this dipeptide amongst the good sub-
strates such as AlaAla. When CysGly is removed from the calculation of r , correlation is
improved, for example for LIE, from 0.74 to 0.89. One possible explanation for this poor
estimation is that CysGly might bind in a different binding pose compared to other dipep-
tides, rendering the model and simulation to be inaccurate. While this hypothesis is not
explored further for the CysGly peptide, it will be shown in Chapter 4, that some dipeptides
may potentially bind in a tripeptide binding mode, owing to a large side chain.

One weakness of the end-point methods is the possible poor reproducibility of the DG
data (Wright et al., 2013). To evaluate how wide the distribution of DGs predicted by these
methods and if these variations mask the difference between peptides, the simulations of
PepTSt with AlaPhe and GluGlu were repeated for 50 times varying only the initially as-
signed atomic velocities. These two peptides were chosen to represent the best and worst
substrates to investigate if the separation between the good and poor substrates can be repro-
duced. Assuming that all of these simulations have the same t as the previous simulations,
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Figs. 3.9: Binding affinities of peptides to bacterial peptide transporter PepTSt, as predicted by end-
point methods; (a) LIE, (b) MMGBSA and (c) MMPBSA. Y-error bars indicate the standard error
from de-correlated DG data during the 1 ns MD simulations whereas X-error bars represent standard
error from three repeat measurements.

all de-correlated DG values generated along the 50 trajectories after 200 ps of equilibration
period are plotted (Figure 3.10)⇤.

The graphs show that there are indeed large variations produced by all three end-point
methods for the replica simulations. LIE has the smallest standard deviation (s ) of 4.5
and 9.8 kcal/mol for AlaPhe and GluGlu, respectively. MMGBSA and MMPBSA, on the
other hand, can vary by as much as 10-20 kcal/mol, comparable to the results of Wright
et al. (2013). For all methods, the variation for the GluGlu dipeptide is consistently larger
than AlaPhe, perhaps due to the larger side chains that contribute to more flexibility in
the binding site, and therefore more conformations sampled during the simulations. Despite
these variations, however, the predicted means (µ) for both peptides are always separated far
apart. For example, when LIE was used, the difference of the mean DG values was around
50 kcal/mol. As such, no overlap exists between the DG distributions of AlaPhe and GluGlu
from the LIE calculations, and very marginal overlaps for MMGBSA and MMPBSA. These
results suggest that the probability of predicting similar DG values for ligands with different
binding affinities is low even if the variability of the predictions is large. The end-point
methods can therefore reproducibly distinguish between good and poor substrates of PepTSt.

These results point towards the potential use of these end-point methods as a fast fil-
⇤As these 50 simulations were not subject to the same statistical analysis to determine their teq and t

values individually, there is a risk of including non-equilibrated and/or correlated data. However, the main
point of these replica simulations is to gain a rough distribution of DG, not the exact mean value for each
simulation. Also, the long combined simulation time (50 ns) will hopefully diminish any errors resulting from
the inclusion of non-equilibrated data.
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Figs. 3.10: Distribution of DG values as predicted by (a) LIE, (b) MMGBSA and (c) MMPBSA for
PepTSt-AlaPhe (blue) and PepTSt-GluGlu (red). A 1 ns simulation for each dipeptide was repeated 50
times with different initial atomic velocities. DG values computed along the trajectories are divided
into 1 kcal/mol bins. µ represents the mean and s represents the standard deviation of the energy
distribution, each quoted in kcal/mol.
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tering step to categorise dipeptides and tripeptides into good and bad substrates of PepTSt.
As these techniques are relatively fast and require only moderate amounts of computational
resources, one can also use them in a high-throughput manner to understand the general
preference of peptide transporters. Ito et al. (2013) designed an empirical affinity prediction
model for a yeast peptide transporter, Ptr2p, based on physicochemical properties of dipep-
tides and their transport data from a fluorescence-based uptake assay. Even though this
prediction model is considerably faster than the end-point methods, it has been shown to be
limited to dipeptides and dipeptide-mimetic compounds. Their results underline the weak-
ness of empirically-derived prediction models, which only perform well for compounds
with similar molecular and chemical properties. A prediction based on the end-point meth-
ods, on the other hand, would not be constrained in this way as it takes into account the
structure of both the transporter and the ligand, and therefore should work for a wide range
of compounds.

3.3.3 Thermodynamic integration improves prediction for hydropho-
bic dipeptides

Upon closer inspection on the results of the end-point methods (Figure 3.9), it was found
that the predictive ability deteriorates when only substrates with similar IC50 values are
considered. This is true for a group of hydrophobic dipeptides such as AlaAla, AlaPhe,
AlaTyr and PhePhe, which all have IC50 values less than 100 µM. For this subset of peptides,
the predicted vs. experimental r correlation value drops to 0.00 (random ranking) and the
r correlation to -0.27 (negative linear correlation) for the MMPBSA method. The decrease
in accuracy suggests that while the end-point methods are adequate at distinguishing good
and weak substrates, they cannot separate good substrates from one another.

As dipeptides share a similar structural scaffold, they are excellent candidates for al-
chemical transformation MD simulation for the more rigorous TI calculations. To investi-
gate whether TI would improve affinity prediction for this subset of peptides, the relative
free energy of binding, DDG, of each dipeptide with respect to AF was calculated and this
was subsequently added to the original DG value obtained from the MMPBSA method†.
Simulations of length 5 ns were performed for each l window. They were first analysed
using the same statistical methods used for the short simulations of end-point methods to

†Technically, there is no need to add the DDG value from TI calculation to the DG calculated by the end-
point methods as it will not affect the value of correlation coefficients of the TI results to the experimental
data. This step was performed, nevertheless, to make graphical comparison to the end-point methods easier as
is shown in Figure 3.12.
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Figs. 3.11: Distribution of
dU
dl for the alchemical trans-
formation of AlaPhe to
PhePhe. Data is taken from
step 1 (discharging) of the
PepTSt-bound system. The
overlapping energy distri-
bution between neighbour-
ing l windows suggests
that adequate sampling has
been achieved to calculate a
reliable DG value.

determined the teq and t values. All peptide-only simulations (unbound state) reached equi-
librium immediately after the production simulations began, and the correlation times, t , are
very short (⇠10 ps), which is characteristic of a simple system. For the PepTSt-bound sys-
tems, step 1 and step 3, which involves decoupling and re-coupling of the electrostatic forces
take a longer time to equilibrate than step 2 (disabling/enabling Lennard-Jones terms). For
example, in the AlaPhe to AlaTyr transformation, the former steps have a teq of around 1
ns, while the latter equilibrates almost instantly. Additionally, all of these simulations have
relatively large correlation times (⇠100-200 ps), which is reflected in the larger statistical
errors (see Table 3.5 for full results).

To get a reliable DG value for each step of the transformation, adequate sampling within
each window must be performed. To assess this, the distribution of energy for each value of
l within each step is plotted (an example is shown in Figure 3.11). In all 3 alchemical sim-
ulations, it was found that the dU

dl values overlap between neighbouring l windows through
all steps, which indicates that substantial regions of the free energy landscape between the
initial and final structures have been explored. This was achieved by maximising the simi-
larity between states by decoupling atoms from Cb instead of Ca of the amino acid residue.
Although converting the ring structure of phenylalanine into hydrogen (alanine) involves
relatively large changes, by using the dual topology approach, the need to break or close the
ring alchemically is avoided. Instead, the ring was removed entirely and a soft core potential
has been shown to accurately deal with this transformation (Shirts et al., 2003). To test the
reproducibility of the TI method, several alchemical transformation MD simulations were
repeated, both in forward and reverse directions. All of the DDG values from these replicate
simulations were in agreement with the original results (Appendix A).
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Table 3.5: TI results for the alchemical transformations of (a) AlaPhe to AlaAla, (b) AlaPhe to
PhePhe and (c) AlaPhe to AlaTyr. All values are quoted in kcal/mol with a precision of 0.1 kcal/mol.
The calculated errors represent errors of integration of ∂U

∂l .

(a)

Step DGbound DGunbound DDG
1 146.2 ± 0.3 144.1 ± 0.1 2.1 ± 0.3
2 -2.9 ± 0.1 -4.2 ± 0.0 1.4 ± 0.1
3 -147.5 ± 0.1 -144.0 ± 0.1 -3.4 ± 0.1

Total 0.1 ± 0.4

(b)

Step DGbound DGunbound DDG
1 82.9 ± 0.1 68.0 ± 0.0 14.9 ± 0.1
2 3.0 ± 0.2 4.7 ± 0.0 -1.7 ± 0.2
3 -90.6 ± 0.2 -76.9 ± 0.1 -13.7 ± 0.2

Total -0.6 ± 0.3

(c)

Step DGbound DGunbound DDG
1 -83.9 ± 0.3 -91.3 ± 0.0 7.4 ± 0.3
2 -1.0 ± 0.0 -0.6 ± 0.0 -0.5 ± 0.0
3 63.3 ± 0.1 69.7 ± 0.0 -6.5 ± 0.1

Total 0.4 ± 0.3
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As illustrated in Figure 3.12, TI calculation indeed improves the results and able to repli-
cate the experimental ranking (r = 1.00). Also evident from these results is the ability of
this method to discern small structural differences between ligands, for example between a
hydrogen and a hydroxyl group during the calculation of DDG of AlaTyr. It is worth not-
ing, however, the immense amount of computational resources that was employed for these
calculations compared to other methods. Each of the alchemical transformations requires
330 ns of simulation time as compared to 2 ns for any of the end-point methods. The rea-
son for such a marked difference is that the end-point methods only need simulations of
the “end-states” i.e. the bound and unbound conformations, whilst for TI, the intermediate
unphysical states must also be explicitly simulated. In principle, apart from using TI to mea-
sure the relative binding energy of a peptide with respect to another peptide, one can also
calculate the absolute binding free energy of each peptide by decoupling the electrostatic
and van der Waals of the whole molecule, effectively turning the compound into a group of
dummy atoms. As this task involves a large transformation, much longer simulations are
needed for a fully converged result, and therefore this approach is not pursued in this thesis.
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Figs. 3.12: Binding affinity predictions refined by rigorous free energy calculations. (a) Enlarged
image highlights the inability of the end-point method (MMPBSA) to discriminate substrates of
similar IC50 values. DDG values calculated using the TI method is added to correct the MMPBSA
results. Y-error bars for the MMPBSA+TI graph indicate the error of integration whereas X-error
bars represent standard errors from three repeat measurements. (b) and (c) show similar assessments
with the LIE and MMGBSA methods, respectively.
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Figs. 3.13: The performance of all binding affin-
ity prediction methods and the computational time
spent on each of them. The degree of accuracy
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experimental IC50s. The measured computational
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3.4 Conclusion

A range of methods to predict the binding affinity of peptides to a bacterial peptide trans-
porter, PepTSt, were assessed and the results were compared to experimental data in the
form of IC50 values from in vitro competition uptake assay. It is no surprise that the more
computational input fed into the methods, the more accurate the results become. A scoring
function, which uses only the static structures of the protein and ligand, produces glaringly
inferior results. When some dynamics during binding is taken into account, just by consid-
ering the bound and unbound states in the end-point methods, an encouraging increase of
accuracy for the predictions was observed. These approaches are able to separate the well-
and poorly transported substrates. The theoretically rigorous TI method, for which simu-
lations of intermediate states are required, further refines the results by discerning peptides
with small structural differences and similar transport behaviours. To quantify and compare
the exact amount of resources required for these methods, computational usage in CPUh
was estimated based on the GROMACS performance for MD simulation of AlaPhe bound
PepTSt using an Intelr quad core Xeonr processor (Figure 3.13). Affinity prediction by
AutoDock does not require any MD simulation and as each docking protocol takes around
30 s, this is plotted as 10�2 CPUh in the graph.

It is evident from these results that simulation-based binding affinity prediction methods
require a dramatically larger amount of resources than a scoring function. The CPUh needed
to perform MMPBSA is almost 4 order of magnitude more than for AutoDock, whilst TI is
6 order of magnitude more expensive. With increasing investment of computational time,



3.4 Conclusion 82

however, the level of accuracy also increases. Interestingly, the increase in correlation val-
ues (notably for r) is more significant from AutoDock to MMPBSA than from MMPBSA
to TI, which indicates that the end-point methods are an excellent compromise between
good performance and low cost. Nevertheless, the TI method is indeed very effective at
accurately measuring energetic differences involving small changes in structure, which is
not perceptible by any of the end-point methods. It is therefore more pragmatic to adopt a
hybrid approach, whereby the end-point methods are used as a “first-pass” prediction, per-
haps to rule out poor substrates, and then utilise the more rigorous TI for further refinement
of specific predictions.

Collectively, these results support the hypothesis that computationally-determined bind-
ing affinities are useful to rank ligands of the proton-coupled oligopeptide symporters.
These validated approaches shall be used in the next chapters to (i) study bacterial peptide
transporter, PepTSt in greater detail (Chapter 4) and (ii) test it with the medically relevant
human transporter, PepT1 (Chapter 6).



Chapter 4

Accurate prediction of peptide binding in
a bacterial POT transporter

The binding of all 400 possible dipeptides to PepTSt was modelled. The lin-
ear interactions energy (LIE) method was used to classify these dipeptides
into good and poor substrates. The most preferred substrates are neutral
peptides, whilst acidic peptides bind less well. Interestingly, the order of
amino acid residues does influence affinity, and as such the contribution
of each side chain towards binding selectivity was investigated using the
thermodynamic integration (TI) method. The results suggest that the N-
terminal side chain is more sensitive to perturbation than the C-terminal
side chain. For positively charged dipeptides, however, the LIE and TI re-
sults show discrepancies to experimental data, suggesting they may bind
differently. Indeed, modelling the binding of AlaLys and LysAla based
on the triAla complex structure restored agreement, which indicates that
basic dipeptides, perhaps due to their extended side chains, may adopt a
tripeptide-like pose. For tripeptides, a bulky residue at the C-terminus
results in unfavourable binding, consistent with experiments showing no
transport for large tripeptides and drugs.

4.1 Substrate multispecificity in the POT transporters

Central to the functioning of the POT transporters is their ability to recognise and accom-
modate a wide variety of ligands, which is achieved by having a promiscuous binding site.
Despite the promiscuity, the POT transporters retain some specificity, such that there are
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Figs. 4.1: Crystal structures reveal two distinct binding orientations exist for PepTSt, one for the
dipeptide AlaPhe (orange) and another for the tripeptide tri-Ala (purple). The position of key residues
are shown on the right. For clarity, H2, H11, HA and HB are removed. Figure adapted from Lyons
et al. (2014).

certain structural features to which a compound must adhere in order to become a substrate
(see §1.2.2). Due to its enormous potential in rational drug design for improved bioavail-
ability, great efforts have been put forth in recent years towards building a substrate binding
template for the human PepT1. For example, a simplified two-dimensional substrate model
was proposed by Bailey et al. (2000) suggesting that a high affinity substrate should have
its amino and carboxylic acid groups separated by about 6 Å, which matches the length of
the backbone of a dipeptide. This was followed by more detailed three dimensional phar-
macophore models (Biegel et al., 2005; Vig et al., 2006; Foley et al., 2010; Pedretti et al.,
2008).

A growing body of evidence, however, indicates that the POT transporters do not operate
using a single mechanism and therefore a universal binding model might not be sufficient.
The peptide bound crystal complexes of a bacterial homolog, PepTSt, clearly elucidated two
distinct binding orientations (Figure 4.1): the dipeptide AlaPhe binds “horizontally” with
respect to the plane of the membrane whilst the tripeptide triAla binds “vertically” (Lyons
et al., 2014) (discussed in §1.2.4). Despite occupying distinct poses, AlaPhe and triAla
essentially interact with similar key residues of the transporter, although the latter adopts a
less tightly coordinated position that could explain its lower affinity. Further corroborating
the notion of multiple transport mechanisms in the POT family, Parker et al. (2014) recently
suggested that PepTSt employed two different proton:peptide coupling stoichiometries—the
transport of a dipeptide is coupled to four or five protons whereas for a tripeptide, only three
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protons are used. These recent studies hint at two distinct transport strategies utilised by this
transporter, one for dipeptides and another for tripeptides.

Even though this evidence explains in part how the POT transporters achieve their
promiscuity, it raises several important questions, e.g. how do the numerous other di- and
tripeptides and, more importantly, drugs interact with the transporter, and how do their
affinities compare to each other? Experimental data from transport assays for PepTSt are
currently limited to the eight peptides shown in Table 3.1. Having determined using these
test set of peptides which free energy methods are most accurate, these methods shall now
be used to make some predictions, which will be tested experimentally. One of the end-
point methods, linear interaction energy (LIE), is chosen to broadly classify all dipeptides
into good and poor binders. Following these results, the theoretically rigorous method, ther-
modynamic integration (TI), is utilised to understand the contributions of each side chain of
a peptide substrate to its overall binding selectivity.

4.2 Methods

First, the binding of all 400 dipeptides to PepTSt was modelled as outlined in §3.2.1. These
models were used in the prediction of the free energy of binding, DG, using the LIE method,
which was selected over MMGBSA and MMPBSA for two reasons: i) it produces the most
accurate ranking compared to the experimental data (see Figure 3.9) and ii) it is integrated
in GROMACS via the g_lie tool. The parameters for MD simulations and free energy
calculations used in Chapter 3 were repeated here, unless otherwise stated.

4.2.1 Thermodynamic integration with a change in net charge

The TI method was applied to investigate the sensitivity of each side chain of a dipeptide
substrate to changes. PepTSt-AlaAla model from the previous chapter was used for the
starting coordinates. Alchemical simulations were performed to convert the alanyl side
chain at either the N- or the C-terminus to phenylalanine, aspartate, glutamate or lysine.
The TI method was used to calculate relative free energy of binding, DDG, of the resultant
dipeptides with respect to AlaAla. The same approach was applied to study the side chain
of a tripeptide substrate, for which the crystal structure of PepTSt-triAla was used as the
starting coordinates and the N-terminal side chain (first residue) or the C-terminal side chain
(third residue) was morphed into either phenylalanine or tyrosine.
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Figs. 4.2: TI calculation with a change in the total charge of the substrate. (a) While in the bound
state, AlaAla (red) is converted to another dipeptide XX (blue), the reverse transformation is simul-
taneously performed on XX in the bulk to ensure that the total charge of the system does not change
throughout the calculations. PepTSt is in green cartoon representation and lipids are in spheres with
phosphate atoms shown in red. (b) A thermodynamic cycle for these transformations, simplified
from Figure 3.3.

DGAA +DGbound �DGXX +DGunbound = 0

DDG = DGXX �DGAA = DGbound +DGunbound (4.1)

For transformations to the side chain of aspartate, glutamate and lysine, there is a change
in the total charge of the peptide substrate. The PME method requires that the net charge
of the system remains neutral throughout the entire simulation. To this end, a similar tech-
nique as described in Rashid et al. (2013) was adopted. Both bound and unbound alchemical
simulations were performed in the same simulation box (Figure 4.2). As the PepTSt-bound
AlaAla was converted to another dipeptide, XX, a reverse transformation was simultane-



4.2 Methods 87

ously conducted in the bulk solution (XX converted to AlaAla). The former transformation
resulted in a gain of charge and the latter a loss of charge, essentially cancelling each other
out to ensure that the net charge of the system remained unchanged throughout the simula-
tion. To get the value of DDG, instead of calculating the difference in DG of the bound and
unbound simulations as before, the sum of both terms is calculated (Equation 4.1), which
in practice equals to the DG of the transformation of the whole system (Figure 4.2(a)). Fol-
lowing the same protocol as in Chapter 3, this transformation was also divided into three
steps, each of which consisted of eleven simulations of different l values. This approach
therefore reduced the total number of simulations by half (33 instead of 66).

For predictions with the alternative binding mode of lysine containing dipeptides, the
crystal structure of PepTSt-triAla was used as the starting coordinates. An alanine residue
was removed from triAla either from the N- or the C-terminus. Using the same “one-box”
approach, either the N- or the C-terminal side chain of the resulting AlaAla ligand was
transformed to lysine. All simulations were subject to the reverse cumulative averaging
analysis (Yang et al., 2004), as described in §3.2.4.

4.2.2 Contact Analysis

To understand the structural basis of the different contributions from each side chain to the
binding selectivity of a dipeptide, a contact analysis was performed using a VMD plugin,
interquant. This program quantifies the amount of interactions between the physical cen-
tre of the analysis, or the “origin”, with a specified group of atoms surrounding it, or the
“target”, based on a stipulated distance cutoff. For this analysis, the side chain of interest
of the peptide substrate was set as the origin, whilst all residues of PepTSt were set as the
target. A cut-off radius of 3.5 Å was implemented. The contact analyses of 20 simulations
of X-Ala was averaged to elucidate the residues in the transporter to which the N-terminal
side chain interacts, and for the C-terminal side chain, the simulations of Ala-X were used.

4.2.3 Competition transport assay

To validate the computational predictions, Joanne Parker performed proton-driven compe-
tition transport assays for two pairs of dipeptides i.e. AlaAsp, AspAla and AlaLys, LysAla,
following methods described in Solcan et al. (2012). Proteoliposomes with 5 µg protein in
internal buffer (20 mM Potassium Phosphate, 100 mM Potassium Acetate, 2 mM Magne-
sium Sulphate, pH 6.5) were diluted into external buffer (120 mM Sodium Phosphate, 2 mM
Magnesium Sulphate, pH 6.5) containing 25 µM 3H labelled AlaAla (reporter substrate) in
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the presence of increasing concentration of peptides (substrate of interest). Reaction was
started by the addition of 10 µM valinomycin and stopped after 4 minutes through dilu-
tion into 0.1 M Lithium Chloride and collected on nitrocellulose filters prior to scintillation
counting. The radioactive 3H signal was converted to molar concentrations of peptides using
standard curves for each substrate.

4.3 Results and Discussion

First, the general preference of PepTSt was investigated by classifying all naturally occurring
dipeptides into high- and low-affinity substrates. Following the prediction that the sequence
of residues affects binding affinity, the contributions of residues at specific position towards
the overall selectivity were calculated and the results validated by experimental transport
assays. A new model for positively charged dipeptides was proposed to justify the discrep-
ancies of these results with experiments. Finally, a similar study on tripeptides revealed that
bulky residues might aggravate binding.

4.3.1 Neutral dipeptides favoured over charged.

Based on the 20 physiological amino acids, the binding of all 400 possible dipeptides to
PepTSt was modelled using the co-crystal structure of PepTSt-AlaPhe. For each peptide, a
short 1 ns simulation was performed using the same parameters used in the Chapter 3. The
LIE method was then employed to estimate DG (Figure 4.3). For this calculation, it was
assumed that all simulations became fully equilibrated after 200 ps and de-correlated after
10 ps, which was true for most simulations of the peptide test set. Due to the empirical nature
of the LIE method, the magnitude of DGs predicted are all positive and, in some cases, may
seem dubiously large. Therefore, they should not be considered as the true binding energy of
the ligands to the transporter, and are used only for qualitative comparison between different
ligands.

To understand the preference of the transporter, these peptides were grouped according
to the chemical nature of the amino acid residues and their DGs replotted according to these
groups (Figure 4.4). The results suggest that neutral dipeptides made of hydrophobic, polar
and other (cysteine, glycine, proline) amino acids are the preferred substrates for PepTSt as
they show the lowest DG values. Almost all of them have DGs below the overall average.
Comparing between these uncharged peptides, the hydrophobic ones appear to have the
smallest interquartile range which fall well below 20 kcal/mol, suggesting that they are the
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Figs. 4.4: Predicted DG of all 400 dipeptides plotted based on their chemical properties. (a) A scatter
plot of all 400 DG values from Figure 4.3. (b) A box-and-whisker plot to highlight the position of
the median and the distribution. Dotted line represent the overall mean.

best substrates. Polar and “other” dipeptides have a slightly more spread-out distribution
of DGs, although they are still within the high-affinity binding region. Both positive- and
negatively charged dipeptides, on the other hand, are predicted to have highly varied binding
affinities, with both distributions spanning more than twice that of the neutral peptides.
Acidic dipeptides bind least well with almost all DG values lying above the overall average.
In contrast, almost half of the basic dipeptides appear to bind as tightly as their neutral
counterparts, whilst the other half are poor binders with affinities similar to a negatively
charged peptide.

Collectively, these results suggest that PepTSt has similar selectivity profile compared
to other POT transporters. The mammalian PepT1 and PepT2 transporters also have higher
affinity for neutral peptides, especially hydrophobic, and transport charged peptides less
well (Gebauer and Hartrodt, 2003; Vig et al., 2006; Biegel et al., 2006). Ito et al. (2013)
performed a similar “high-throughput” assessment with a peptide transporter from Sac-
charomyces cerevisiae, Ptr2p, using a fluorescence based uptake assay on more than 300
dipeptides. Classifying these dipeptides into high- and low-affinity groups, they found that
peptides with a hydrophobic residue like tryptophan are present in high frequency in the
former, whilst the latter are mostly populated by negatively charged dipeptides. The results
in this thesis also echo the study of DtpT, a peptide transporter from Lactococcus lactis, by
Fang et al. (2000) that found the highest affinity substrates are peptides with at least one
hydrophobic residue.



4.3 Results and Discussion 91

��

���

���

���

���

����

�� ��� ��� ��� ��� ����

EM, ME

∆
G

 (k
ca

l/m
ol

)

∆G (kcal/mol)

r = 0.32

Figs. 4.5: Predicted binding free energy, DG of
all 400 dipeptides plotted against their sequence-
reversed equivalents, e.g. GluMet and MetGlu.
These peptides are again coloured according to
their chemical properties as in Figure 4.4. The line
drawn represents perfect linear correlation.

The predictions with basic dipeptides, however, are in conflict with the results of an in
vitro transport assay. Solcan et al. (2012) showed that a positively charged dipeptide, LysLys
has a very high IC50 value (⇠2000 µM), even when compared to other poor substrates like
GluGlu (IC50=600 µM). Similarly, based on whole cell uptake assays, PepT1 shows very
poor affinity for the same peptide as indicated by the very high Ki value (Eddy et al., 1995;
Terada et al., 2000b). One possible reason for this discrepancy is that the binding model
currently applied for all dipeptides might not be suitable for these basic dipeptides, which
shall be discussed later in the chapter.

4.3.2 The order of residues does matter.

In an effort to build a substrate binding model for PepT1, Foley et al. (2010) suggested that
the binding pocket is contiguous and therefore substrates are predominantly recognised by
their peptide backbone rather than their side chains. This conclusion was derived based on
the observation that AlaTrp and TrpAla have similar affinities to the transporter. As such,
they suggested the sequence of amino acids making up a dipeptide will not affect its affinity.
To check if the current results with PepTSt agree with this model, the DG values for the 400
dipeptides are replotted in pairs, each comprised of DGs for two dipeptides composed of the
same residues but in the opposite sequence, i.e. Ala-X vs. X-Ala. If order did not matter,
then all the points should fall on a single line indicating that these DG pairs are highly
correlated.

Interestingly, there is a low correlation (r = 0.32) between the DG values of dipeptides
made of the same residues, as illustrated by the widespread scatter of the points in Fig-
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Table 4.1: Correlation of DG for dipeptides with their sequence-reverse equivalents based on chemi-
cal groups.

Chemistry r
Hydrophobic 0.24

Polar 0.21
Other 0.23

Positive 0.45
Negative 0.46

ure 4.5. Some of these peptide pairs have significantly different DGs, e.g. GluMet and Met-
Glu. This observation is true regardless of the chemical nature of the residues (Table 4.1).
Peptide pairs with a large difference in DG values, however, have very similar Lennard-
Jones and Coulomb potentials profiles in their unbound state (Table 4.2), which suggests
that these DG differences indeed arise from the protein-bound state. The overall binding
affinity of a dipeptide to PepTSt is therefore influenced by the order of amino acids. It is
also possible that the amino acid side chain at the N- and C-termini contributes differently
towards the selectivity of binding and play distinct roles during peptide recognition.

Table 4.2: Lennard-Jones (vdw) and Coulomb (el) potentials in the unbound and bound states of
peptide ligands.

Peptide Uunbound Ubound DG
vdw el vdw el

EM 1.0 -206.1 -16.7 -147.2 26.3
ME 0.9 -209.6 -15.9 -82.2 60.7
KA -0.4 -165.9 -12.9 -72.0 60.7
AK -0.6 -164.1 -14.3 -130.2 14.5
WL -9.2 -142.2 -32.7 -30.7 43.7
LW -12.1 -135.9 -21.4 -89.0 18.5

Data extracted using the Gromacs g_energy tool and are shown in
kcal/mol. The LIE method uses these data to calculate DG based on
Equation 2.15.

4.3.3 Dipeptide binding sensitive to the N-terminal side chain

To elucidate the contributions of each side chain of the peptide substrate to the binding se-
lectivity, a series of alchemical transformation MD simulations and TI calculations were
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performed, whereby the N- or C-terminal side chain of AlaAla was transmuted into pheny-
lalanine, aspartate, glutamate or lysine. A different simulation setup (described in details
in the Method section) was used for alchemically converting alanine to a charged residue
to preserve the total charge of the system. Each simulation was first subject to a reverse
cumulative averaging statistical analysis (Yang et al., 2004) to determine its equilibration
and correlation times, and from that, its statistical error. All results are shown in Figure 4.6
and Table 4.3.

A small negative DDG value was obtained when either one of the alanine side chains was
substituted with a phenylalanine, which indicates a stronger binding for the hydrophobic
residue. A transformation into a charged residue, on the other hand, resulted in a positive
DDG and therefore a weaker binding, in agreement with the LIE results discussed earlier.
What is more interesting, however, is that when the N-terminus was altered, the magnitude
of DDG was always larger than the identical change at the C-terminus. The DDG value for an
N-terminus transformation is at least twice as large as the equivalent transformation of the
C-terminus. These results suggest that the N-terminal residue is more sensitive to changes
and hence is crucial in determining the binding selectivity of a dipeptide to PepTSt.

To investigate the structural reasoning behind these results, the key residues in the bind-
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Table 4.3: TI results for the alchemical transformations of the N- or C-terminal side chain of
AlaAla into (a) phenylalanine, (b) aspartate, (c) glutamate and (d) lysine. All values are quoted
in kcal/mol.The calculated errors represent errors of integration of ∂U

∂l .

(a)

N-terminus C-terminus
Step DDG DDG

1 13.2 ± 0.2 -2.1 ± 0.1
2 -1.4 ± 0.2 -2.1 ± 0.1
3 -12.8 ± 0.3 4.0 ± 0.3

Total -0.9 ± 0.4 -0.1 ± 0.3

(b)

N-terminus C-terminus
Step DDG DDG

1 -296.4 ± 0.3 -217.3 ± 0.4
2 -0.4 ± 0.2 -1.4 ± 0.1
3 307.6 ± 0.3 300.0 ± 0.1

Total 10.9 ± 0.4 4.8 ± 0.5

(c)

N-terminus C-terminus
Step DDG DDG

1 -302.9 ± 0.3 -290.5 ± 0.4
2 -1.2 ± 0.2 -2.4 ± 0.1
3 311.6 ± 0.2 295.5 ± 0.3

Total 7.5 ± 0.4 2.6 ± 0.5

(d)

N-terminus C-terminus
Step DDG DDG

1 -168.0 ± 1.2 -169.4 ± 0.3
2 -3.8 ± 0.3 0.1 ± 0.2
3 184.1 ± 0.6 174.6 ± 0.2

Total 12.3 ± 1.4 5.3 ± 0.4
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ing site of PepTSt that interact with the N- and C-terminal side chain of the dipeptide sub-
strate were identified. To do this for all twenty amino acid side chains, the 1 ns simulations
performed for the LIE calculations were used. The results illustrated in Figure 4.7 and Fig-
ure 4.8 were averaged over the 1 ns simulation time and over the number of simulations
involved. It is apparent from this contact analysis that the N-terminal side chain interacts
with a group of polar residues consisting of Tyr30, Asn156 and Asn328. The C-terminal
side chain, on the other hand, mainly occupies a hydrophobic pocket as per suggested by the
crystal structure of AlaPhe complex (Lyons et al., 2014) and form hydrophobic interactions
primarily with Tyr68 and Trp296.

Overall, the analysis implies that the side chain at the N-terminus potentially binds more
strongly to the binding site via multiple electrostatic interactions, and by doing so, it be-
comes more sensitive to perturbation. In contrast, the side chain at the C-terminus is accom-
modated inside an electro-neutral cavity that perhaps can adopt different chemical groups
without any large energetic penalty. Previous studies on mammalian PepT1 have docu-
mented the importance of the N-terminus for peptide recognition. Borner et al. (1998) and
Meredith et al. (2000) suggested that the amino group plays an instrumental role in aligning
the rest of the compound in the binding pocket. For the yeast peptide transporter, Ptr2p,
Ito et al. (2013) categorised a library of dipeptides into high- and low-affinity groups based
on their Ki and found that the N-terminal residue displayed a higher propensity towards
determining to which group a substrate belongs. The in silico study presented in this the-
sis further corroborates this idea by showing that the N-terminal side chain is the major
contributor to the overall binding selectivity of dipeptides to PepTSt.

To validate these predictions, in vitro proton-driven competition transport assays were
performed by Joanne Parker. Two pairs of dipeptides made of the same residues but in
opposite sequence—AspAla, AlaAsp and LysAla, AlaLys—were chosen to represent the
different charges. Similar assays for two neutral peptides, AlaAla and triAla, were also
conducted for comparison. For all experiments, the residual uptake of a reporter substrate,
radio-labelled 3H-AlaAla, was measured (Figure 4.9 (a) and (b)) and the IC50 value deter-
mined (Table 4.4). To make comparison with the computational predictions easier, the ratio
of IC50 values between AspAla and AlaAsp as well as between LysAla and AlaLys, was de-
termined and the apparent “DDG” values calculated (Figure 4.9(c)). In agreement with these
predictions, having an aspartate residue at the N-terminus is more detrimental to transport
compared to having the same residue at the C-terminal, as indicated by the negative apparent
“DDG” value. For lysine containing dipeptides, however, the opposite trend was obtained.
Positioning a lysine residue at the C-terminus (AlaLys) appears to be extremely aggravating
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Figs. 4.7: Contact analysis of the N- and C-terminal side chain of a dipeptide ligand on PepTSt. (a)
Analysis of interactions made by the side chain of dipeptides Ala-X (red) and X-Ala (blue), whereby
X is one of the 20 amino acids. This is averaged over 20 simulations of 1 ns length (one for each
amino acid). Residues that made significant contacts are mapped to the binding side in (b) and (c),
while red and blue arrows point towards the N- and C-terminal side chain, respectively. The cut-off
for contacts is set to 3.5 Å.
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Figs. 4.9: Proton driven competition uptake assays. (A) IC50 competition curves for AlaAsp and As-
pAla showing residual uptake of 3H-AlaAla in a proteoliposome-based transport assay. (B) Similar
IC50 competition curves for AlaLys, LysAla and triAla. (C) Apparent “DDG” values derived based
on the ratio of IC50 of Ala-X and X-Ala, compared to the corresponding calculated DDG values from
simulation.

for its transport, as exemplified by the very high IC50 value, resulting in a positive “DDG”
when compared to LysAla, which is in conflict with the computational predictions.

4.3.4 Lysine containing dipeptides may bind like a tripeptide.

So far, the computational predictions for dipeptides with positively charged residues do not
agree well with experimental data. The LIE method overestimated the binding affinity of
most dipeptides containing lysine and arginine and ranked some of them similar to neutral
dipeptides. Additionally, the TI calculations for LysAla and AlaLys gave the opposite trend
to in vitro transport assays. These discrepancies could be as a result of many different factors
such as inadequate sampling and force field errors. One other possible interpretation of these
results is that positively charged dipeptides do not bind to PepTSt in the same “horizontal”
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Table 4.4: IC50 values based on proton driven competition transport assays.

Peptide IC50 (µM)
AlaAla 36
AlaAlaAla 400
AspAla 300
AlaAsp 100
LysAla 150
AlaLys 2100

pose as other dipeptides, which explains why using the AlaPhe complex crystal structure
as the modelling template produced inaccurate predictions. We hypothesise that for a basic
dipeptide, binding occurs in a “vertical” orientation instead, like the tripeptide triAla.

Alternative binding models for AlaLys and LysAla were built using the complex crystal
structure of PepTSt-triAla (Lyons et al., 2014). As triAla has three residues while AlaLys
and LysAla two, there are two possible ways to perform this modelling as depicted in Fig-
ure 4.10: i) the C-terminal residue was removed and modelling was conducted using the
first and second residues as the template, or ii) the N-terminal residue was removed while
the second and third residues became the template. Using the former approach, the dipep-
tide model would be positioned closer to the cytoplasmic side, and henceforth is called the
bottom models. On the other hand, the resulting dipeptide for the latter approach would be
placed nearer to the extracellular side, and so is called the top models.

As before, thermodynamic integration was performed to alchemically convert either the
N- or C-terminal side chain of AlaAla in this vertical binding modes into lysine, and sub-
sequently calculated the DDG between LysAla and AlaLys (Table 4.5). Intriguingly, the
results for both the bottom and top models show qualitative agreement with the experi-
mental transport assays. AlaLys has a larger DG value and therefore bind less tightly than
LysAla, as indicated by the positive DDG values (Figure 4.11). Further inspection of the
alternative binding modes suggests that the stronger binding of LysAla stems from the for-
mation of favourable salt bridges between the e-amino group of the peptide substrate and
residue Tyr68 and Glu300 in the bottom model or Asn156 in the top model (Figure 4.10(a)
and (c)). The binding of AlaLys, on the other hand, is unfavourable due to the lysine side
chain protruding into a cavity that is in close proximity to Arg33, and thereby resulting in
electrostatic repulsion (Figure 4.10(d)).

While from a modelling perspective, two possible vertical binding sites exist for a dipep-
tide, i.e. the bottom and top models, it is acknowledged that in reality this might not be the
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Figs. 4.10: Two ways to model the binding of a dipeptide based on the triAla binding pose. (a,b)
Bottom models, whereby the C-terminal residue is removed and the first and second residues are
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binding site (green) that are within 4 Å of the e-amino group of the lysine side chain and can therefore
result in electrostatic interactions or repulsions. No residues were found in this vicinity for the
AlaLys Bottom model.
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Table 4.5: TI results for the alchemical transformations of the N- or C-terminal side chain of AlaAla
in a vertical binding pose into lysine based on (a) the bottom model and (b) the top model. All values
are quoted in kcal/mol with a precision of 0.1 kcal/mol. The calculated errors represent errors of
integration of ∂U

∂l .

(a)

N-terminus C-terminus
Step DDG DDG

1 -190.6 ± 0.7 -152.1 ± 0.6
2 -4.8 ± 0.4 3.6 ± 0.5
3 188.4 ± 0.6 158.5 ± 0.6

Total -8.3 ± 1.0 8.4 ± 0.9

(b)

N-terminus C-terminus
Step DDG DDG

1 -190.7 ± 0.7 -154.7 ± 0.7
2 -4.0 ± 0.4 -1.6 ± 0.1
3 179.9 ± 0.6 163.1 ± 0.6

Total -14.1 ± 1.0 6.0 ± 0.9
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case. In the crystal structure of PepTSt-triAla complex, the binding of triAla is poorly co-
ordinated with residues in the binding site, indicating a weak protein-ligand interactions
(Lyons et al., 2014). Similarly in the simulation, a dipeptide bound in this orientation was
able to move up and down, suggesting that there are no distinct “bottom” and “top” binding
sites, instead just one large vertical cavity. Therefore, one would expect to obtain a similar
DDG value for both models. That this is not the case in the simulations suggests that the
TI calculations have not converged, which is not surprising given the likely timescale for
the ligand to explore the vertical pocket. Nevertheless, as they both show the same trend as
experiment, these current results suggest that AlaLys and LysAla may bind to PepTSt in a
vertical fashion like the tripeptide triAla.

A ligand-based substrate template of PepT1 proposed by Bailey et al. (2000) suggested
that the best peptide ligands should have their amino and carboxyl ends separated by about
6 Å. As this approximately matches the length of a dipeptide backbone, it is implied that
dipeptides have better affinities than tripeptides. Some basic dipeptides like LysLys, how-
ever, have been shown to have worse transport characteristics than neutral tripeptides (Eddy
et al., 1995; Terada et al., 2000b), for which this substrate template failed to account. This
evidence also points towards the importance of the overall chemistry of a peptide substrate
in determining its affinity, instead of just the number of residues it possesses. Trying to
shed some light into the poor transport of basic dipeptides, Brandsch et al. (1999) modified
the lysine residue in LysPro and LysAla into norleucine (Nle) by removing the e-amino
group, and formed NlePro and NleAla, respectively. Interestingly, this step tremendously
increased affinities, which suggests that the transporter disfavours the positively charged
e-amino group, which they speculated due to electrostatic repulsion in the binding site.

Here, we propose that the poor affinities of these ligands may be caused by the way they
interact with the transporter. Unlike neutral and negatively charged dipeptides, a dipeptide
with a lysine residue may adopt a similar binding pose to triAla. Positioning these dipeptides
laterally like AlaPhe would cause unfavourable steric clashes due to the large side chain.
The length of a fully extended lysine side chain is around 5 Å. If a dipeptide has one lysine
residue, its total length would be approximately 10 Å, resembling the length of a tripeptide
backbone. As such, the only way it can fit into the binding cavity is perhaps by aligning
itself vertically like a tripeptide. As this pose is less optimally coordinated with the residues
in the binding site (Lyons et al., 2014) and potentially coupled to fewer protons (Parker et al.,
2014), its binding affinity is reduced. Another basic residue, arginine, has a side chain that is
longer than lysine and is also capped by a positive charge. Thus we conjecture that arginine
containing dipeptides may also bind in this pose, which would explain their similarly poor
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uptake. The current results complement the study conducted by Brandsch et al. (1999) as
the shorter side chain of Nle might have restored binding into the horizontal orientation and
thereby increased affinities. Collectively, this means the overall size of a peptide, not just the
length of its backbone, determine the way it interacts with a POT transporter and therefore
its affinity and transport characteristics. Nevertheless, a crystal structure of PepTSt bound to
either lysine or arginine is still required to verify this model.

4.3.5 Tripeptides with bulky residues bind less well.

Tripeptides are weaker substrates of PepTSt when compared to dipeptides, as has been
demonstrated in proteoliposome transport assays, whereby the tripeptide triAla inhibited
3H-AlaAla uptake ten times more poorly compared to the dipeptide AlaAla (Solcan et al.,
2012). Crystallographic data rationalised this observation by showing that the tripeptide tri-
Ala bound in a less-tightly coordinated pose compared to the dipeptide AlaPhe (Lyons et al.,
2014). Further illuminating this issue, a recent biochemical study using pH-dependent up-
take assays suggested that the uptake of a tripeptide is coupled to fewer protons than that
of a dipeptide (Parker et al., 2014). In this section, this topic is explored by addressing a
similar question as before i.e. how do other tripeptides interact with PepTSt, and how are
their affinities different from triAla?

Based on the twenty amino acids, there are 8000 possible tripeptides that could be the
substrate of PepTSt. However, as this is a very large number, modelling the binding and
running the simulation of all tripeptides, as have been done with dipeptides, would be very
time consuming. Instead, only tripeptides with bulky residues are studied for two reasons:
i) most POT transporters, including PepTSt, favour bulky and hydrophobic side chains in
a dipeptide substrate (Eddy et al., 1995; Biegel et al., 2006; Ito et al., 2013; Solcan et al.,
2012), but this has not been studied for a tripeptide substrate, and ii) tripeptides with bulky
residues are structurally similar to the b -lactam antibiotics, and therefore studying their
binding is of pharmaceutical interest. Using similar techniques that have been applied to
dipeptides, alchemical simulations and TI calculations of converting either the N- or the C-
terminal residue of triAla into either phenylalanine or tyrosine were performed. The results
are shown in Figure 4.12 and Table 4.12.

The transformation of the N-terminal side chain of triAla into phenylalanine and tyro-
sine resulted in negative DDG values, which correspond to stronger binding. Upon closer
examinations, this bulky side chains were inserted into the hydrophobic pocket, much like
the C-terminal side chain of a dipeptide. As such, they form favourable hydrophobic inter-
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Table 4.6: TI results for the alchemical transformations of the N- or C-terminal side chain of triAla
into (a) phenylalanine and (b) tyrosine. All values are quoted in kcal/mol with a precision of 0.1
kcal/mol. The calculated errors represent errors of integration of ∂U

∂l .

(a)

N-terminus C-terminus
Step DDG DDG

1 -187.8 ± 0.6 -136.7 ± 0.8
2 -0.1 ± 0.4 5.5 ± 0.6
3 183.8 ± 0.3 143.5 ± 1.0

Total -4.0 ± 0.8 12.4 ± 1.4

(b)

N-terminus C-terminus
Step DDG DDG

1 -216.4 ± 0.6 -136.1 ± 0.8
2 0.7 ± 0.2 -3.8 ± 0.3
3 213.2 ± 0.5 142.3 ± 0.6

Total -2.5 ± 0.8 2.4 ± 1.0
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Figs. 4.13: Homology models of PepTSt bound to (a) PheAlaAla and (b) AlaAlaPhe, in surface
representation. Tripeptide substrates are depicted in purple stick representation and residues within
the vicinity of the phenylalanine side chain are highlighted.

actions with key residues in the binding site, e.g. Trp296 (Figure 4.13(a)), which explains
their better binding affinities than triAla. Transmuting the C-terminal side chain, on the
other hand is unfavourable, as indicated by the positive DDG values for both phenylalanine
and tyrosine simulations. The bulky side chain protrudes into a cavity surrounded by Tyr29,
Tyr30 and Arg33 (Figure 4.13(b)). It is not clear from the model alone, why this orientation
is not favourable. Upon looking at the alchemical simulation of triAla to AlaAlaPhe, it was
found that the phenyl ring forms a p-p interaction with Tyr30 and a cation-p interaction with
Arg33 (Figure 4.14). By doing so, however, the phenyl ring disrupts an existing salt bridge
between Arg33 and Glu300, which forms the crucial extracellular gate of PepTSt (Solcan
et al., 2012). This loss of salt bridge interaction is perhaps energetically unfavourable, hence
the positive DDG. If the alternating access mechanism is considered, a tripeptide with an
electron-rich p system (phenylalanine, tyrosine and tryptophan) at its C-terminus could pre-
vent the formation of the extracellular gate and therefore deter the completion of a transport
cycle, which may explain why they are not transported at all.

4.4 Conclusion

In this chapter, the binding affinity prediction methods validated in Chapter 3 were used
to understand the molecular basis of promiscuity of peptide binding by the bacterial POT
transporter, PepTSt. The crystal complexes solved by Lyons et al. (2014) were used as
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Figs. 4.14: The phenyl ring on AlaAlaPhe (purple stick representation), as seen from the extracellular
side, interacts with the binding site by forming p-p interaction with Tyr30 and cation-p interaction
with Arg33, depicted as the black dashed lines. The latter breaks the extracellular gate formed by
Arg33 and Glu300 (blue dashed line). The graph shows distance between Arg33 and Glu300 during
simulations at l=0, whereby the ligand is triAla, and l=1, whereby the ligand is AlaAlaPhe.

the starting structures to model the binding of other peptides. Whilst both PepTSt-AlaPhe
and PepTSt-triAla co-crystal structures were refined to a maximum resolution of 2.5 Å,
the quality of electron density maps around their binding site were notably different. In
PepTSt-triAla complex, the electron density map of the ligand was poorly defined due the
low occupancy of this peptide in the binding site. As a result, the positions of the N- and
C-termini could not be resolved unambiguously. The C-terminus was modelled to face the
extracellular side following functional studies of peptide recognition in PepT1 where the
C-terminus was suggested to interact with the extracellular gating residues (Meredith et al.,
2000). The electron density of AlaPhe ligand, on the other hand, was clearer due to the
higher occupancy of this peptide in the binding site as it is a high affinity ligand. The
interactions made by this peptide substrate with residues in the binding site were therefore
better resolved, allowing us to distinguish the positions of the termini. As all of our models
of peptide binding to PepTSt in this thesis were built using these two structures, our results
are currently limited to the interpretation of electron density map by the authors of the paper.

Despite the ambiguous orientation of triAla in the binding site, it is clear that at least
two binding modes exist in this transporter. Our computational study adds another layer of
complexity by proposing that not all dipeptides bind in the same way, and instead peptide
binding is potentially dealt on a case-by-case basis depending on the overall size of the
ligands. That a larger dipeptide may interact with the transporter in a similar manner to a
tripeptide demonstrates a flexible way of employing the same binding cavity to cater for a
wide range of substrates. Human PepT1 shares around 80% sequence identity with PepTSt

within the peptide binding site, suggesting that it is likely PepT1 has a similar substrate
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recognition mechanism. The implications of these findings with PepTSt here on the rational
design of drugs targeting PepT1 shall be discussed. However, as there is currently no crystal
structure available for human PepT1, a homology model will be first built in the next chapter.



Chapter 5

Homology models of human peptide
transporters

Full length homology models of the human peptide transporters, PepT1
and PepT2, were built using the crystal structure of PepTSo as a template
for the transmembrane (TM) domain, with extracellular domains (ECD)
from mouse PepT1 and rat PepT2. Molecular dynamics (MD) simulations
demonstrated a low overall RMSD progression and a good secondary struc-
ture preservation, indicating that these are good structural models for the
transporters. Essential residues for peptide transport as suggested by var-
ious mutational studies align well around the hydrophilic binding cavity.
Additionally, a water pocket exists close to His57 and may play a role in the
opening of the extracellular gate. By comparing PepT1 and PepT2 models,
possible structural explanations for their different kinetics were suggested.
The potential interactions between the ECD and TM domains as well as
the membrane bilayer were explored to elucidate any potential functional
significance. Protein-protein docking was employed to model the interac-
tion of the ECD with intestinal protease trypsin and a working model of
how these membrane transporters function within a multicellular organ-
ism was proposed.

5.1 Previous models of PepT1 and PepT2

X-ray crystallography is the current gold standard to determine the three-dimensional struc-
ture of a protein in atomistic detail. For mammalian integral membrane proteins, however,
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obtaining a high resolution structure remains challenging due to several bottlenecks such
as poor protein expression, inefficient extraction, low purification yield and difficulty in
getting well-ordered crystals (Moraes et al., 2014). For the POT transporters, in particu-
lar, several crystal structures have been determined for the bacterial homologs (see §1.2.4);
nevertheless, the structures of mammalian PepT1 and PepT2 remain elusive.

Due to the interest in designing drugs targeting human PepT1 for better bioavailability,
computer modelling has been employed to predict the structure of this transporter. The first
model of PepT1 by Bolger et al. (1998) and Yeung et al. (1998) focused on the position
of the TM helices and the residues lining the binding cavity (Figure 5.1(a)). To model the
packing of the helices, they first described each helix using a helical wheel representation,
where there are seven distinct “faces” through which a helix can interact with its adjacent
neighbour. Hence, there are 49 ways (72) for two helices to be positioned with respect to
one another. They then calculated which orientation had the lowest interacting energy and
iterated this approach in a pair wise manner for all the helices. Amphipathic helices were
arranged to form a central “channel” region, from which key residues were subsequently
determined and tested in whole cell uptake assays. One disadvantage of this method is the
implicit assumption that all adjacent helices in the sequence are also adjacent in the three
dimensional structure. As PepT1 has long intra- and extracellular loops connecting the TM
helices, there is no such restriction in the way the helices pack against each other. Despite
this limitation, this approach successfully identified and validated several essential residues
in the binding site, which became a reference for later modelling studies.

Structural determination of the lactose permease, LacY (Abramson et al., 2003) and the
glycerol-3-phosphate transporter, GlpT (Huang et al., 2003) from Escherichia coli provided
the first insights into the three dimensional structure of the MFS transporter superfamily,
of which PepT1 is a member. Using these crystal structures, Meredith and Price (2006)
built a homology model of truncated rat PepT1. They took an indirect approach in order to
remove extra residues in PepT1, primarily the inter-helical loops, that have no corresponding
residues in LacY. They first aligned the LacY sequence to another member of the SLC15
transporter family, PHT1, and removed unmatched regions to form a truncated version of
PHT1. This version was subsequently aligned to the sequence of rat PepT1, and again,
regions of PepT1 that are not represented in PHT1 were cut out. The modified sequence
of PepT1 was finally threaded onto the merged structure of LacY and GlpT to produce
a model (Figure 5.1b). Their homology model indeed predicted that many sequentially
adjacent helices do not interact with each other. Additionally, they observed H2 and H4
form the binding site despite the previous model suggesting them to lie on the periphery of
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Table 1. Amino acid residues in TMs predicted by Bolger et al. (1998) to be involved in hPepT1 transport activity, and the expected effect of
mutation (adapted from Bolger et al., 1998), and the actual effect of mutating these residues where known (ND = not determined).

Amino acid (hPepT1)
TM
location

Expected function
in dipeptide
uptake

Major expected
result of mutation Actual result of mutation Reference

W294 7 Participates in
initial binding

Affects Km W294A-hPepT1 Km
› Vmax fl

Bolger et al., 1998
Panitsas et al., 2006
Unpublisheda

W294F-rPepT1
no transport

W294A/C-rPepT1
no transport

Y588 10 Participates in
initial binding

Affects Km Y587F-rPepT1 no
apparent effect

Pieri et al., 2005

E26 1 Facilitates binding Affects Km ND
Y12 1 Regulates passage Affects Vmax Y12A-hPepT1 Vmax

fl by 25%
Bolger et al., 1998

E595 10 Regulates passage Affects Vmax E595A-hPepT1 no transport Bolger et al., 1998
Meredith, 2003

E594D-rPepT1 no transport
D341 8 Regulates passage Affects Vmax D341R-rPepT1 like wildtype Pieri et al., 2004
Y91 3 Interacts with

proton
Affects pH
dependence

Y91F-rPepT1 transport
fl by 80%
(pH dependence normal)

Pieri et al., 2005

Y167 5 Regulates passage Affects Vmax Y167A-hPepT1 no transport Bolger et al., 1998
Kulkarni et al., 2003b

Y167C-hPepT1 transport
fl by 75%

Y167F-rPepT1 transport
fl by >90%

Pieri et al., 2005

R282 7 Regulates
translocation

Affects Vmax R282A-hPepT1 like wildtype
R282E-rPepT1 not
proton-stimulated
with simultaneous
non-specific
cation channel activity

Bolger et al., 1998
Meredith, 2004

aT. Bowden, K.E. Panitsas & D. Meredith

D. Meredith and R.A. Price: Molecular Modeling of PepT1 81

(a) (b)

(c) (d)

Figs. 5.1: Structural models of mammalian peptide transporters built in previous studies. (a) The
arrangement of twelve TM helices of PepT1 proposed by Bolger et al. (1998) and Yeung et al. (1998).
Figure adapted from a review written by Lee et al. (1999). (b) A homology model of truncated
rabbit PepT1 based on the merged structures of LacY and GlpT (Meredith and Price, 2006). (c) A
homology model of full-length human PepT1 built using fragmental modelling (Pedretti et al., 2008).
(d) Similar approach applied to produce a homology model of human PepT2 (Pedretti et al., 2011).
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the protein. Having said that, due to the low sequence identity between LacY and GlpT with
PepT1 (12% and 13% respectively), the accuracy of this model is still highly questionable.
Also, they ommitted important loop regions during the truncation step, especially the ECD,
due to the absence of any suitable structural template.

The first full length homology model of PepT1 was generated by Pedretti et al. (2008)
using a “fragmental” approach. The primary sequence of PepT1 was first divided into 25
segments: twelve TM domains, six extracellular loops, five intracellular loops and two ter-
minal segments. These segments were then modelled separately using parts of various pro-
teins including a cytochrome for H2, a transcription factor for H7 and a sucrose phosphatase
for the ECD⇤. These small fragments are assembled together using the backbone of LacY as
the template to form the final model (Figure 5.1c). Apparent from this hybrid model is the
much shorter transmembrane helices compared to the previous homology model by Mered-
ith and Price (2006), which is a result of using soluble proteins to model the TM region.
They predicted the ECD fully covers the extracellular side of the TM domain. Pedretti et al.
(2008) docked 50 known PepT1 ligands to the central binding site to construct a structure-
based pharmacophore. However, most of the key interacting residues derived from their
pharmacophore map were different from previous mutational studies of PepT1, suggesting
that this is an erroneous model and the fragmental approach might not be suitable for PepT1.
They later built the first and, to date, only homology model of human PepT2 (Figure 5.1d)
by applying the same methodology (Pedretti et al., 2011).

The current lack of an accurate structural model to study human peptide transporters
calls for a new attempt at homology modelling, especially with the recent determination of
the crystal structures of bacterial homologs. In this chapter, homology models of both hu-
man PepT1 and PepT2 will be built in conjunction with the X-ray structural characterisation
of the ECDs from mouse PepT1 and rat PepT2 by Johnny Beale. The structure of a bacterial
POT transporter from Shewanella oneidensis, PepTSo, will be used as a template for the TM
domain. The reliability of these models shall be discussed based on various functionally
essential residues from the literature and highlight other potentially critical sites for future
analysis. Finally, the interaction of the ECD with trypsin will be modelled to suggest how
these transporters operate in a multicellular environment.

⇤The authors of the paper justified this somewhat eccentric approach as “...avoiding the construction of
models that lose their structural peculiarities in being forced to conform with the structure of a unique global
template.”
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5.2 Methods

First the selection of a template structure to model the TM domain will be described and
then a sequence alignment will be built. The structure-validation programs and molecular
dynamics (MD) simulation protocols conducted to assess the models will be outlined. Fi-
nally, the protein-protein docking procedure performed to model the interaction of the ECD
with trypsin is discussed.

5.2.1 Templates selection

The primary sequences of Homo sapiens PepT1 (Uniprot ID: P46059) and PepT2 (Uniprot
ID: Q16348) were retrieved from the Uniprot protein databases. Five possible candidates
consisting of bacterial peptide transporters with available X-ray crystal structures were con-
sidered for the template of the TM domain (Table 5.1). Their sequences were aligned with
PepT1 and PepT2 and percentage sequence identity calculated using Jalview (Waterhouse
et al., 2009). In general, these bacterial POT transporters have moderate overall sequence
identity of around 20–30% to their human homologs. Most of the functionally important
residues, however, are conserved, therefore these transporters are better than GlpT and LacY
that were used in previous work (Meredith and Price, 2006). As PepTSo shows the highest
percentage identity amongst these candidates, it was selected as the template. The newer
crystal structure of PepTSo from Fowler et al. (2015) was used instead of the original (New-
stead et al., 2011) due to its higher resolution (3.0 Å compared to 3.6 Å, respectively).
The coordinates for this structure was fetched from the PDB under the ID code 4UVM.
As human peptide transporters are predicted to have twelve TM helices (Fei et al., 1994;
Liu et al., 1995), the additional helices, HA and HB, in PepTSo (residue 226 to 285) were
removed from the structure.

The crystal structures of the ECD of Mus musculus PepT1 (Uniprot ID: Q9JIP7) and
Rattus norvegicus PepT2 (Uniprot ID: Q63424) have been solved to a resolution of 2.1 Å
and 2.0 Å, respectively (Beale et al., 2015). The percentage sequence identity of mouse and
human PepT1 in the ECD region is 67%, whereas for rat and human PepT2 the score is 70%.
As such, these crystal structures, for the first time, provide a a good structural template to
model an accurate full-length human peptide transporters.
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Table 5.1: Bacterial peptide transporters with available crystal structures and their sequence identity
with human PepT1 and PepT2.

Name Sequence Identity (%) Uniprot ID
PepT1 PepT2

PepTSo 31.3 31.4 Q8EKT7
PepTSt 23.4 25.9 Q5M4H8
GkPOT 24.1 24.7 Q5KYD1
PepTSo2 22.9 22.0 Q8EHE6
YbgH 22.8 21.6 P75742

Table 5.2: Proposed gating residues for PepT1 and PepT2

PepT1 PepT2
N-term C-term N-term C-term
Asp49 - Glu79 Arg329
Arg34 Asp298 Lys64 Asp317
Lys140 Glu595 Lys161 Glu622
Asp149 Lys615 Asp170 Lys642

5.2.2 Sequence alignment

As described in §1.2.4, the alternating access mechanism prevalent amongst the MFS trans-
porters is controlled by a series of salt bridges linking the N- and C-terminal bundles of
helices, which form gates that occlude the central binding cavity from either side of the
membrane (Law et al., 2008; Stelzl et al., 2014; Fowler et al., 2015). The sequence align-
ment used in this homology modelling was built by aligning the gating residues of PepTSo

with those of PepT1 and PepT2. In PepTSo, four pairs of residues have been suggested to
be involved in gating (Newstead et al., 2011) (Figure 5.2(a)). As gating residues are sup-
posed to be conserved across different species, multiple sequence alignments were gener-
ated comprising several mammalian sequences such as human, rabbit (Oryctolagus cunicu-
lus), mouse, rat, cow (Bos taurus), pig (Sus scrofa) and dog (Canis familiaris) to identify
possible candidates. By subsequently including PepTSo in these alignments (Figure 5.2(b)
and (c)), all comparable salt bridges are found except for the outer periplasmic/extracellular
gate, where no corresponding positively-charged residue was found in PepT1 for Asp328 in
PepTSo (the implication of which shall be discussed in §5.3.3). These gating residues are
listed in Table 5.2.

Primary sequences from the crystal structures of truncated PepTSo, mouse PepT1 ECD
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30. 50. 130. 140. 320. 330. 420. 440.
PepTSo YGMRN EELRG IKPLV GDQFDQ DQKAS ND...MVK GEVLV MKGTI
HsPepT1 YGMRA SWDDN IKPCV GDQFEE DQQGS TTMSGKIG GEVVF MKSVL
OcPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TTMSGRIG GEVVF MKSVL
MmPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TTMNGKIG GEVVF MKSVL
RnPepT1 YGMRA GWDDD IKPCV GDQFEE DQQGS TTMTGKIG GEVVF MKSVL
BtPepT1 YGMRA GWNDN IKPCV GDQFEE DQQGS TTMSGKIG GEVVF MKSVL
SsPepT1 YGMRA GWNDN IKPCV GDQFEE DQQGS TTMNGQIG GEVVF MKSVL
CfPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TAMSGKIG GEVVF MKSVL

• • • • • • • •

30. 50. 130. 140. 320. 330. 420. 440.
PepTSo YGMRN EELRG IKPLV GDQFDQ DQKAS ND...MVK GEVLV MKGTI
HsPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS IRMNRNLG GEVMF MKSVL
OcPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS TKMNGNLG GEVMF MKSVL
MmPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS NKMDGDLG AEVMF MKSVL
RnPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS NKMNGDLG AEVMF MKSVL
SsPepT2 YGMKA HWSED IKPCV GDQFEE DQQGS TRMNGNLG GEVMF MKSVL
CfPepT2 YGMKA HWSED IKPCV GDQFEE DQQGS TRMNGNLG GEVMF MKSVL

• • • • • • • •
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1

Figs. 5.2: Identifying gating residues in PepT1 and PepT2. (a) Residues forming the periplasmic
and cytoplasmic gates in PepTSo; N-terminal gating residues are coloured in blue, whilst C-terminal
in red. The position of the binding site is indicated by the orange circle. (b) Corresponding gat-
ing residues were elucidated for PepT1 by aligning amino acid sequences from mammalian trans-
porters with PepTSo. Proposed gating residues are highlighted by the blue and red bullets rep-
resenting the N- and C-terminal gates, respectively. Conserved residues are highlighted in light
blue. (c) A similar analysis was conducted to determine the salt bridge pairs for PepT2. Uniprot
IDs: PepTSo (Q8EKT7), HsPepT1 (P46059), OcPepT1 (P36836), MmPepT1 (Q9JIP7), RnPepT1
(P51574), BtPepT1 (A5D7E5), SsPepT1 (F1RP40), CfPepT1 (Q8WMX5), HsPepT2 (Q16348),
OcPepT2 (P46029), MmPepT2 (Q9ES07), RnPepT2 (Q63424), SsPepT2 (A5A4L7) and CfPepT2
(E2QWX1).
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and rat PepT2 ECD were extracted using the WHAT IF web server (http://swift.cmbi.
ru.nl/servers/html/soupir.html) (Vriend, 1990). These sequences were aligned to the
amino acid sequence of human PepT1 and PepT2, using the gating residues as points of
reference. The Probcons algorithm (Do et al., 2005) was used to generate an initial sequence
alignment and this was manually edited in Jalview (Waterhouse et al., 2009). The final
alignments used for homology modelling are shown in Appendix B.

Using secondary structure prediction algorithms and point mutagenesis, Xu et al. (2010)
predicted that the long intracellular loop linking the N- and C-terminal bundles (between
H6 and H7) is made of two amphipathic a-helices. As such, these helices were modelled
following the positions suggested by this study. Modeller-9v9 (Sali and Blundell, 1994)
was employed to generate 100 homology models each for PepT1 and PepT2 and they were
ranked based on discrete optimised protein energy (DOPE) score (Shen et al., 2006). Models
with the lowest DOPE scores were chosen for further assessments.

5.2.3 Structural evaluation

We chose 10 homology models, each for PepT1 and PepT2, to be subject to stereochemical
and geometrical assessments. Ramachandran analysis (Ramachandran et al., 1963) was per-
formed on the Rampage web server (http://mordred.bioc.cam.ac.uk/~rapper/rampage.
php) (Lovell and Davis, 2003), followed by contacts, conformation and geometry analyses
on the MolProbity website (http://molprobity.biochem.duke.edu) (Chen et al., 2010).
PepT1 and PepT2 models with the highest overall MolProbity score were chosen and the
results of these structural analyses are shown in Figure 5.4 and Table 5.3. Further structural
assessment was done by simulating the homology models inside a membrane bilayer.

5.2.4 Molecular dynamic simulation

The N-terminal loop (residue 1-14 for PepT1 and residue 1-42 for PepT2) and C-terminal
loop (residue 688-708 in PepT1 and residue 713-729 in PepT2) were cleaved as they do
not have any secondary structure. Using the g_membed protocol, each homology model was
inserted into a pre-equilibrated model membrane bilayer consisting of 381 1-palmitoyl-2-
oleoyl-sn-glycero-3-phosphocholine (POPC) molecules (Dickson et al., 2012) inside a sim-
ulation box of dimension 10 nm ⇥ 13 nm ⇥ 15 nm. The box was solvated with TIP3P water
(Jorgensen et al., 1983) and 0.15 M Na+ and Cl� ions. The system was relaxed through a
steepest-descent energy minimisation protocol. An equilibration simulation was performed
for 1 ns, whereby heavy atoms of the homology models were positionally-restrained. Re-

http://swift.cmbi.ru.nl/servers/html/soupir.html
http://swift.cmbi.ru.nl/servers/html/soupir.html
http://mordred.bioc.cam.ac.uk/~rapper/rampage.php
http://mordred.bioc.cam.ac.uk/~rapper/rampage.php
http://molprobity.biochem.duke.edu
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moving these restraints, three repeats of production simulations were run, each for 50 ns.
The temperature was kept at 310 K by applying the velocity-rescaling thermostat with a
time constant of 0.1 ps (Bussi et al., 2007). To maintain pressure at 1 atm, a semi-isotropic
coupling was employed using a Parrinello-Rahman barostat with a time constant of 1.0 ps
and compressibility of 4.5 ⇥ 10-5 bar-1 (Parrinello, 1981). A LINCS algorithm was used to
constraint the length of all bonds (Hess et al., 1997) and a time step of 2 ps was used to in-
tegrate the equation of motion. Long-range electrostatic interactions were calculated by the
particle mesh Ewald (PME) method (Essmann et al., 1995) with a real-space cut off of 12
Å. Simulations were conducted in Gromacs 4.5.4 (Hess et al., 2008) using the Amber99SB
biomolecular force field (Lindorff-Larsen et al., 2010). Structural analysis was conducted
using Gromacs tools do_dssp, g_rms and g_rmsf and the Visual Molecular Dynamics
(VMD) plug-in interquant (Humphrey and Dalke, 1996).

5.2.5 Protein-protein docking

Using two residues as points of reference—Glu549 and Glu572 in PepT1, and Asp576 and
Glu599 in PepT2—we modelled the binding of PepT1 and trypsin by docking the crystal
structure of human trypsin (PDB ID: 1TRN) (Gaboriaud et al., 1996) to the homology model
on ClusPro 2.0 web server (http://cluspro.bu.edu/login.php) (Comeau et al., 2004).
The procedure produced 120 models, from which the best representative model was selected
based on several guidelines: i) the trypsin active site, or the catalytic triad (His57, Asp102
and Ser195), must be accessible to solvent to allow access for incoming polypeptides, ii)
the position of trypsin along the z-axis must not be too low such that it will interrupt the
membrane bilayer, and iii) there must be a large buried surface area between trypsin and the
ECD for a tight binding.

A simulation of PepT1-trypsin complex was set up using the same protocols described in
§5.2.4. To remove steric clashes at the interface of ECD and trypsin, a 1 ns equilibration MD
simulation was performed, whereby Ca atoms of both proteins were positionally-restrained
but side chain atoms were allowed to move.

5.3 Results and Discussion

The homology models of human PepT1 and PepT2 are shown in Figure 5.3 with their rel-
ative position in a model membrane bilayer highlighted. These two models are structurally
similar to each other (Ca RMSD of 1.4 Å), as expected due to the same structural template

http://cluspro.bu.edu/login.php
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for the TM region and the ECD from both proteins are alike. The TM domain matches the
thickness of a POPC bilayer and most extracellular loops are exposed to the bulk solution
with no direct contact with the membrane. One of the two intracellular helices between the
N- and C terminal bundles was predicted to interact with the inner leaflet of the bilayer due
to its amphipathicity. Sitting upright above the TM domain, the ECD does not form any
apparent interaction with the outer leaflet of the bilayer.

Our structural evaluation using Rampage (Lovell and Davis, 2003) and Molprobity
(Chen et al., 2010) web servers (Figure 5.4 and Table 5.3, respectively) suggest that in
general, these are poor protein structures as indicated by the low percentile of MolProbity
overall scores† (11th and 15th for PepT1 and PepT2, respectively). This is not surprising
given they are homology models instead of high resolution X-ray crystal structures. Con-
sidering the poor homology between PepTSo and PepT1 or PepT2, however, these models
indeed performed quite well. Most of the Ramachandran outliers were found in unstruc-
tured interhelical loop regions (Figure 5.4) where there were no structural templates and
therefore Modeller cannot model them accurately. These are mainly the extracellular loops,
which are significantly longer in the mammalian sequences, and the large intracellular loop
between H6 and H7. Additionally, both PepT1 and PepT2 models have no clashing residues
as indicated by the zero Clashscore‡.

Three repeats of 50 ns MD simulations were performed with the homology models of
PepT1 and PepT2 inserted into a POPC model membrane. Running similar structural eval-
uations after these MD simulations show a moderate improvement whereby the number of
Ramachandran outliers are reduced to 6 and 3, respectively, for PepT1 and PepT2 mod-
els, while the Molprobity scores increase to the 96th and 92nd percentiles. The ability of
these homology models to retain their secondary structure during the simulation was also
assessed. The analysis was first performed on the TM region by the Gromacs tool do_dssp.
This program classifies each residue into a-helical or other for the first and last 5 ns of the
simulation (Figure 5.5). All a-helices demonstrated a dynamic progression during the sim-
ulation, where unfolding and refolding occurred repeatedly especially around the ends of
helices, as exemplified by H12. Looking at the total percentage of a-helical residues, how-
ever, there is no significant changes between the beginning and the end of the simulations,
suggesting the TM region of the homology models is structurally robust when embedded
into the membrane. A similar analysis was then applied to the ECD region (Figure 5.6) and

†MolProbity scores are based on atom clashes, arrangement of rotamers and Ramachandran evaluations.
These are ranked based on crystal structures selected in 2006, whereby 100th quartile represents the best
structures whilst 0th the worst.

‡Number of serious steric overlaps (>0.4 Å) per 1000 atoms
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Figs. 5.3: Homology models of (a) PepT1 and (b) PepT2 from human. The models are coloured by
rainbow from red (N-terminal) to blue (C-terminal) with the ECD in yellow and orange. Relative
position of the membrane is indicated by the spheres representing the phosphate head group of POPC
lipid molecules.
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Figs. 5.4: Ramachandran plots for PepT1 and PepT2 homology models generated in Rampage web
server (Lovell and Davis, 2003). The positions of outliers are highlighted in red spheres.
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Table 5.3: MolProbity analysis for PepT1 and PepT2 homology models

PepT1 PepT2

Ramachandran analysis
Favoured 635 (94.6%) 640 (95.8 %)
Allowed 25 (3.7%) 16 (2.4%)
Outlier 11 (1.6% ) 12 (1.8%)

Clashscore 0 0

Poor rotamers 28 (4.1%) 26 (3.9%)
Cb deviations 15 (2.3%) 9 (1.3%)
Backbone bond deviations 0 0
Backbone angle deviations 12 (1.8%) 10 (1.5%)

MolProbity score (Percentile) 11th 15th

a strong preservation of the b -sheet structures was observed throughout the entire simula-
tion with very minimal changes, especially in PepT2. For PepT1, the short a helix present
in the mouse crystal structure (residue 433-435) unfolded when the simulation began, but re-
folded towards the end. Overall, both the TM and ECD regions retain their main secondary
structural features without any major unfolding.

Another way to assess the structural quality of the homology models is by measuring the
root mean square displacement (RMSD), which indicates the deviation the models undergo
along the timeline of the simulation, with respect to a reference structure. The analysis was
performed on the Ca atoms of the protein and the original structure of the homology mod-
els was used as the reference. The results were compared to a simulation of PepTSo under
the same condition (Figure 5.8). Both homology models have a higher RMSD compared to
PepTSo, which is expected as the latter is a high resolution crystal structure and therefore is
more structurally sturdy. For homology models that are moderately large (⇠700 residues),
the RMSD values of PepT1 and PepT2 are encouragingly low. Interestingly, the overall
RMSD for PepT2 is around 1 Å lower than that of PepT1, but if only the TM region is
considered, both models show comparable values. This suggests that while both TM do-
mains of PepT1 and PepT2 behave similarly, the ECD of PepT1 is more mobile during the
simulation than that of PepT2.

To investigate further, the root mean square fluctuations (RMSF) (Figure 5.8), which
indicate the total deviations of each residue throughout the entire simulations with respect
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Figs. 5.6: Secondary structure analysis of the ECD from (a) PepT1 and (b) PepT2 homology models
during one of the three simulations with a model membrane. The top bar of each panel represents the
first 5 ns of the simulation and the bottom bar the last 5 ns. A b -sheet structure is coloured in green,
a-helical in red and any other structure in blue. Percentage residues forming b -sheet structure (out
of all residues) for the 5 ns time frame is shown on the right.
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Figs. 5.7: Root mean square displacement (RMSD) of the Ca atoms of (a) PepT1 and (b) PepT2
homology models during 50 ns simulations in a POPC model membrane. The RMSD progression of
all Ca atoms is shown in blue, whilst Ca within the TM region is in red. Three dotted lines represent
three repeats of the simulations and to ease visualisation, an average value is calculated and shown
as the solid line. RMSD progression of all Ca atoms of PepTSo is shown in solid black line as a
reference.

to the starting structure, were measured. Indeed, the ECD region (shown in pink) of PepT1
displays higher RMSF values than PepT2, further corroborating earlier suggestion that the
PepT1 ECD moved more during the simulation. However, this movement is likely to be in-
significant as the difference between PepT1 and PepT2 is only around 1 Å, which suggests
that this is caused by small local changes within the ECD rather than an orchestrated move-
ment of the whole domain. Also of high RMSF are two loops: the extracellular loop linking
H3 and H4 and the intracellular loop between H6 and H7. In PepT1 these loops are longer
and therefore more flexible as indicated by the higher RMSF compared to PepT2. The
RMSF analysis also displays low fluctuations for residues within the TM helices (shown in
grey) i.e. less than 2 Å, consistent with the secondary structure analysis discussed earlier
that demonstrated strong conservation of a-helical structures.

The ECD was modelled into PepT1 and PepT2 such that it is positioned above the TM
domain. Due to the long linker between H9 and H10 and the ECD, for which there are
currently no structural information, the ECD is free to move during the simulation. To
elucidate the structural conformations sampled by this large domain, the density profiles of
the protein relative to the membrane were plotted(Figure 5.9). As postulated earlier, there is
no large concerted movement of the ECD with respect to the TM region, but some dynamics
within the ECD itself can be observed. The density profile also suggests no significant
interaction between the ECD and the membrane. This supports the original models that
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the ECD sits upright above the TM region, possibly through specific interactions with other
extracellular loops (explored in §5.3.3). The implications of this behaviour of the ECD shall
be discussed later in the chapter.

5.3.1 Essential residues mapped on homology models

Given the interest to design drugs with improved oral bioavailability, these transporters, par-
ticularly PepT1, have been the subject of numerous functional studies by virtue of applying
point mutations and creating chimeric proteins. Due to the difficulty in purifying mam-
malian transporters for reconstitution into an in vitro system, transport assays were generally
performed in transiently transfected cell lines, for example the MDCK cells (Irvine et al.,
1999), or in X. laevis oocytes. The uptake of a reporter substrate, usually 14C-Glysar, by
a mutated or chimeric transporter was then compared against the wild type. The results of
these functional studies will be discussed in the context of the homology models.
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Substrate translocation pathway Considerable effort has been placed on charac-
terising the peptide binding site of PepT1, as knowing the residues involved in binding will
pave the way to understanding the structural requirements for a compound to become a
substrate. The homology model built by Bolger et al. (1998) provided the first guide for
mutational studies of residues along the translocation pathway. This model predicted that
five TM helices, i.e. H1, H3, H5, H7 and H10 collectively form the putative “channel”,
within which substrate binding occurs.

Most of these helices have been subject to cysteine scanning mutagenesis, where each
residue along the helix is individually mutated to a cysteine and the effects on transport
are measured in whole cell assays§. Kulkarni et al. (2003a) performed this analysis on
H5 and found a significant decrease in transport for Y167C, N171C and S174C mutations.
When these three residues were mapped on the homology model, they were indeed posi-
tioned around the binding site and their side chains pointing towards the hydrophilic cavity
(Figure 5.10). Using substituted cysteine accessibility method (SCAM)¶, they proposed the
helix is slightly tilted from the vertical axis, with the extracellular half facing both the hy-
drophobic membrane and the hydrophilic binding site (amphipathic), but the cytoplasmic
half only exposed to the translocation pathway. Our homology model is in good agreement
with their prediction, as illustrated in Figure 5.11(a), where there is a helix tilt facilitated by
a glycine residue, Gly173.

A similar analysis was performed on H7 by Kulkarni et al. (2003b) where they found
three detrimental mutations, i.e. F293C, L296C and F297C, that resulted in negligible up-
take. Due to the hydrophobicity of these residues, the study suggested that they are not in-
volved in substrate translocation, and instead are crucial for hydrophobic packing between
helices. The homology model supports this prediction by showing that H7 is packed against
H9, H10 and H12 via an extensive hydrophobic network involving these three residues and
Phe372, Leu591, Phe598, Ile665 and Phe669 (Figure 5.12). These interactions hold to-
gether the C-terminal bundle. As H7 is proposed to be an essential part of the C-terminal
gate in MFS transporters (Fowler et al., 2015), mutating any of these hydrophobic residues
will disrupt the relative movement of the bundle during the transport cycle and therefore

§Due to the sensitivity of membrane proteins, a mutation at any position in a helix is likely, to some degree,
to give a negative impact. As such, a residue is considered of interest only if it severely reduced or completely
abolished protein function.

¶The SCAM technique (Karlin and Akabas, 1998) employs bulky methane thiosulfonate (MTS) reagent
to determine whether a residue is solvent accessible or not. Upon a cysteine mutation, if a reaction with
the MTS reagent reduces transport, the residue is assumed to be solvent accessible, as the bulky MTS will
covalently attach to the cysteine and block substrate translocation pathway. This analysis is often performed
in conjunction with cysteine scanning mutagenesis to map the topology of the TM domains, as has been done
with LacY (Sahin-Tóth and Kaback, 1993) and GLUT1 (Hruz and Mueckler, 2000).
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Figs. 5.11: Tilted helices in PepT1 homology model as predicted by experiment. SCAM studies
by Kulkarni et al. (2003a) and Xu et al. (2009) demonstrated helical tilts in (a) H5 (cyan) and (b)
H10 (orange), respectively. Glycine residues causing these kinks are displayed in red spheres. The
position of Glu595, which is important for peptide binding and gating, is highlighted in a red stick
representation.

eliminate transport. Kulkarni et al. (2003b), however, underestimated the length of H7 by
almost twenty residues, therefore it is difficult to interpret the results of their SCAM analy-
sis in the context of the homology model. Additionally, Bolger et al. (1998) highlighted the
importance of another residue on H7, that is Trp294, for which a mutation to alanine com-
pletely abolished transport. The model is consistent with this result as Trp294 is positioned
at the centre of the binding site (Figure 5.10). The equivalent residue in PepTSt, Trp296,
forms a hydrophobic pocket that accommodates the AlaPhe dipeptide in the crystal structure
(Lyons et al., 2014). It is unclear, however, why a mutation to cysteine at this position does
not affect binding (Kulkarni et al., 2003b).

Another helix important for gating is H10, for which a cysteine scanning mutagenesis
study has been conducted by Xu et al. (2009). Three residues on this helix were found to
be sensitive to mutation: Glu595, Gly596 and Tyr588, all of which, in the homology model,
project into the binding cavity (Figure 5.10). Mutation of Glu595 to a neutral or basic
residue eliminated transport, which points towards the importance of a negative charge at the
position. From the sequence alignment earlier, it was proposed that Glu595 forms one of the
intracellular gates for PepT1 (Figure 5.2(b) and Table 5.2). Glu595 interacts with Lys140 in
the outward open state of the transporter, hence the need for an acidic residue at this position.
The crystal structure of PepTSt bound to AlaPhe shows that the equivalent residue, Glu400,
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Figs. 5.12: Extensive hydrophobic interaction network involving the TM H7 of PepT1, as demon-
strated by Kulkarni et al. (2003b). The residues of interest, Phe293, Leu296 and Phe297, form the
core of the C-terminal bundle of the transporter.

is involved in coordinating the amino terminus of the dipeptide, which would also explain
the importance of the negative charge. Xu et al. (2009) also predicted a tilt for H10, whereby
much like H5, the exoplasmic half is amphipathic, while the cytoplasmic half is hydrophilic.
Again, our homology model confirms this structural feature and illuminates that the kink
is caused by two glycine residue, Gly594 and Gly602 (Figure 5.11(b)). Mutation of the
former totally depleted peptide uptake, suggesting that the tilt at this particular position may
be relevant to the positioning of the Glu595 residue in the binding cavity.

Links et al. (2007) performed cysteine scanning mutagenesis on H3 as it was also sug-
gested to be a part of the substrate translocation pathway based on the homology model by
Bolger et al. (1998). They showed that all but three mutations resulted in a significant loss
of transport, and proposed that this helix packs against H5 via multiple p-p stacking inter-
actions of aromatic residues. In our homology model of PepT1, however, H3 was found
to be one of the scaffold helices, which interacts primarily with the membrane and H1, H4
and H6 instead of forming the binding site. This arrangement is consistent with other MFS
transporters with known crystal structures (Abramson et al., 2003; Solcan et al., 2012; Doki
et al., 2013; Parker and Newstead, 2014). That H3 forms the core of the N-terminal bun-
dle and thus facilitates its motion during the alternating access mechanism might instead
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explain why any mutation to cysteine on this helix is damaging to transport.
Bolger et al. (1998) also predicted H1 to be a part of the putative binding site, which

agrees with our homology model, but surprisingly there are very few studies performed on
this TM helix. The original positioning of this helix from residue 7 to 25 by Fei et al. (1998)
has been controversial as a later study showed no protein expression when an epitope tag
was inserted at residue 39, which was supposed to be in the extracellular loop according
to this topology (Covitz et al., 1998). Bolger et al. (1998) performed point mutagenesis
on residue Tyr12, which would be in the middle of the helix based on the topology, and
found very little effect on transport. Our homology model predicts that H1 starts later in
the amino acid sequence and spans from residue 16 to 45. As such, residue 39 is mid helix,
which would explain the lack of expression when it was epitope-tagged, whilst residue 12
lies on the N-terminal loop, and hence might not be essential for peptide uptake. For PepT2,
Terada et al. (2004) have looked at the functional consequence of a genetic variation in H1
involving residue Arg57 (Arg27 in PepT1) and discovered completely diminished transport
activity with variant R57H. According to our model, Arg27 in PepT1 is oriented towards
the centre of the hydrophilic cavity (Figure 5.10), and so is potentially involved in substrate
binding. The arginine residue is also a part of a consensus motif in the POT family, the
ExxERFxYY motif, found to make up a significant proportion of peptide binding site in the
bacterial homologs (Newstead et al., 2011; Solcan et al., 2012; Doki et al., 2013; Guettou
et al., 2013). As this motif is highly conserved from bacteria to man, it is highly likely that
these residues perform a similar function.

Protonation site The uptake of substrate by PepT1 and PepT2 is coupled to the
proton electrochemical gradient, therefore understanding where proton(s) binds on the pro-
tein is of paramount importance. Site directed mutagenesis and pH specific uptake assays
are often used to identify protonation sites. Various evidence points towards the impor-
tance of histidine residues in transporters that utilise proton(s) as their driving force, such
as the sodium proton exchanger (Ganapathy et al., 1987) and the folate transporter (Said
and Mohammadkhani, 1993). There are nine histidine residues in PepT1, three of which are
conserved in mammalians: His57, His121 and His260. Mutation of His57 and His121 to
glutamine eliminated the uptake of the antibiotic ceftibuten and 14C-Glysar in X. laevis (Ter-
ada et al., 1996). Fei et al. (1997) repeated this experiment in X. laevis and HeLa cells but
reported conflicting results, whereby only His57 is obligatory for the functioning of PepT1,
and mutation of the other two conserved histidines produced the same results as wild type.
They also showed that His87 in PepT2, which is the equivalent of His57 in PepT1, is also
essential for transport. Later, Uchiyama et al. (2003) provided more solid evidence by per-
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forming uptake assays at different pHs: At pH 6, mutations of His57 to lysine or arginine
stopped transport altogether, while at pH 7.4 the identical mutations did not alter transport
behaviours. At low pH, basic residues, unlike histidine, cannot bind and release protons due
to the higher pKa of their side chains. Increasing the local pH closer to their pKa will allow
them to work as a histidine, and thus restored the transport properties. Their study therefore
strongly suggests that PepT1 requires a proton donor/acceptor at this position to function
properly.

In the PepT1 homology model, His57 is positioned adjacent to an extracellular cavity
formed between H2, H7, H9, H11 and H12 (Figure 5.13)(a)), as characterised by Newstead
et al. (2011) in the crystal structure of PepTSo. Intriguingly, upon examining the MD simu-
lations of PepT1 in a POPC bilayer, this extracellular cavity was found to be fully hydrated
throughout the entire simulation, essentially forming a water pocket in the vicinity of His57.
As shown in Figure 5.13(c), it took around 5 ns for water to enter the cavity and the aver-
age number of water molecules occupying the pocket was around ten. Closer inspection
suggests that this pocket was highly dynamic—water molecules entered and left continu-
ously and no single molecule showed significantly long occupancy. Also nearby His57 is
the proposed extracellular gate made of Arg34 and Asp298 (Figure 5.13(b)). As the model
was built based on an inward open structure, this gate remained closed during the entire
simulation. Taken together, it is likely that a water molecule from the extracellular cavity
donates a proton to His57, which in turn protonates Asp298 to break the extracellular gate,
and subsequently initiate a conformational change from inward open to outward open. A
similar proton relay system was also observed in the crystal structure of a eukaryotic proton
coupled phosphate transporter, PipT (Pedersen et al., 2013), in which a tunnel lined by a
series of negatively charged residues exists to allow proton release into the cytoplasm.

Other residues that have been implicated in proton coupling are Tyr56, Tyr91 and Arg282.
Chen et al. (2000) demonstrated that the transport of GlyLeu was severely reduced and lost
completely for Y56F and Y56A mutants, respectively. As this residue lies adjacent to the
primary protonation site, His57, they suggested that the phenolic side chain of Tyr56 is cru-
cial to stabilise the positive charge on the protonated histidine. The other tyrosine residue,
Tyr91, was suggested to play a similar role (Pieri et al., 2009). Mutation at this position
to phenylalanine only reduced peptide uptake slightly and it is still coupled to proton gra-
dient. Y91Q and Y91R mutants, on the other hand, showed a significantly lower transport
that is no longer proton-dependent, i.e. same transport profile at different pHs, suggesting
that the hydrophobicity of Tyr91 was required to somehow maintain a suitable environment
for protonation to occur at His57. This speculation stems from the original PepT1 model
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Figs. 5.13: The proposed protonation site of PepT1, His57, is positioned close to a hydrophilic extra-
cellular cavity. (a) Structure of PepT1 homology model after 50 ns simulation in a model membrane,
highlighting the water in surface representation. His57 is displayed in sphere representation. (b)
Enlarged image of the hydrated extracellular cavity. Also in close proximity to His57 is the extra-
cellular gate (Arg34-Asp298). Arrows indicate the suggested proton transfer from water to His57 to
Asp298, that triggers the opening of the gate. (c) The number of water occupying the extracellular
cavity during the 50 ns simulation. Data for three separate runs are shown as dotted lines, and for
clarity, the average is shown as the solid line.

by Bolger et al. (1998), which proposed that Tyr91 is in close proximity to His57. In our
homology model, however, Tyr91 is a part of H3, which is a scaffold helix, and it is not
only far away from the histidine residue, but also not solvent accessible. As such, it is likely
that this residue does not play a direct role in protonation. In contrast, the hydrophobicity
of Tyr91 is perhaps a vital component for helix-helix packing within the N-terminal bundle,
which explains the reduction in transport. As peptide uptake was so low for the glutamine
and arginine mutants, the difference between experiments conducted at different pHs might
be less discernible, leading to the misinterpretation that transport was independent of proton
gradient.

A site directed mutation of Arg282 to a glutamate residue in rabbit PepT1 uncoupled
peptide transport from the proton gradient and peptides could not be accumulated above
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equilibrium, suggesting its possible role in proton coupling (Meredith, 2004). Later, Kulka-
rni et al. (2007) proposed a charge-pair interaction between this residue and Asp341 in
human PepT1. Mutation of either residues reduced Glysar uptake, but a double mutant,
R282D/D341R, restored wild type activity. Based on both studies, they speculated that this
salt bridge exists in the outward open state and that translocated proton interacts with the
salt bridge, breaks it and induces conformational change to inward open. In our homology
model, however, these residues are 30 Å apart from each other, which makes forming a salt
bridge interaction impossible (Figure 5.14). H7 and H8, on which they resided, are close to
each other on the extracellular half, but due to a major tilt on both helices, the cytoplasmic
half are positioned on the opposite sides of the transporter. Both residues are located on
the cytoplasmic end of these helices. It is worth considering that this model is in the inward
facing conformation, in which according to Kulkarni et al. (2007) the Arg282-Asp341 inter-
action is temporarily broken. It is possible that through a large conformational change into
the outward open conformation, the cytoplasmic ends of these helices are brought together
to form the suggested salt bridge. Nevertheless, this remains speculative until an outward
open crystal structure of a POT transporter is solved.

Intracellular helices In the building of these homology models, the largest region
without any structural template is the intracellular loop linking H6 and H7. Using secondary
structural predictions, Xu et al. (2010) predicted two a-helices in this region. Interestingly,
the distribution of charged residues in this loop is asymmetric—the N-terminal half is rich
in basic residues while all five acidic residues are found on the C-terminal half. Mutation
of three basic residues, which according to the model all reside along the first helix, IH1,
reduced Glysar uptake. This positively charged helix is positioned laterally and in the MD
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simulations, it interacted with the inner leaflet of the bilayer (Figure 5.15(a)). Quantitative
lipidomics indicate that the inner leaflet of the apical epithelial membrane, wherein PepT1
is primarily expressed, is enriched with negatively charged phosphatidylserine (PS) (Gerl
et al., 2012). Physiologically, it is possible that IH1 anchors PepT1 to the membrane via
electrostatic interactions with the PS lipids and mutation of the basic residues therefore
destabilises the protein and reduces transport efficiency. A similar lateral helix is also ob-
served in the crystal structure of a plant homolog of the POT family, the nitrate transporter
NRT1.1 (Parker and Newstead, 2014; Sun et al., 2014). That helix also contains poten-
tial stabilising anchors consisting of arginine and tryptophan residues, adding weight to our
hypothesis.

Mutation of four negatively charged residues on the second intracellular helix, IH2,
also impaired substrate uptake, especially Glu267 for which a mutation to alanine or lysine
decreased transport by 80% compared to wild type (Xu et al., 2010). This helix is positioned
in bulk solution and so is more mobile in simulations compared to IH1, as seen from the
higher RMSF value (Figure 5.15(b)). In the NRT1.1 structure, no structural information
could be resolved for this region, further suggesting that it is highly flexible. It is difficult
to interpret how this mobile intracellular helix affect transport at all, but Xu et al. (2010)
suggested IH1 and IH2 interact with each other via electrostatic interactions, drawing the
N- and C-terminal bundles of the protein together to form an outward open state. Again,
this assumption requires a structure in the outward facing state for validation.
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Figs. 5.16: Single nucleotide polymorphisms (SNPs) of the SLC15A1 and SLC15A2 genes mapped
onto the homology model of (a) PepT1 and (b) PepT2, respectively. Tolerable, deleterious and
synonymous SNPs are coloured in green, red and blue, respectively.

Genetic polymorphism The 1000 genomes project catalogs human DNA sequence
variations for genetic studies to understand inherited diseases, evolution and even human
history (The 1000 Genomes Project Consortium, 2010). From their public database, single
nucleotide polymorphism (SNP) data were retrieved for genes encoding PepT1 and PepT2,
i.e. SLC15A1 and SLC15A2, respectively. SLC15A1 has 127 missense and 57 synonymous
variants in the coding region, whilst for SLC15A2, there are 222 missense and 92 synony-
mous variants. The number of non-synonymous SNPs does not translate directly to the
number of amino acid variants in a protein as some variations at DNA level can occur at
the same amino acid residue. Indeed, at protein level, there are more variations in PepT1,
despite SLC15A1 having less SNPs. These variants were plotted onto the homology model
and colour them according to their predicted effectsk(Figure 5.16). As expected, most of the

kGenetic variations are categorised into tolerable and deleterious based on two algorithms: Sorting Intoler-
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deleterious SNPs are clustered in the TM regions, whilst most tolerable SNPs are located in
the loop regions, including the ECD. The TM domains are important for the protein func-
tion, therefore variations in this region are potentially damaging. The loop regions, on the
other hand, are more tolerant to changes as they are not directly involved in substrate up-
take, suggesting that they might play some role in determining different transport capacity
between individuals.

5.3.2 Comparison of PepT1 and PepT2

The two primary isoforms of human peptide transporters share around 50% overall sequence
identity and 60% identity within the TM region. In spite of their similarity in the primary
amino acid sequence, they show fundamentally different characteristics in peptide uptake—
PepT1 is a low-affinity, high-capacity transporter, while in contrast PepT2 is a high-affinity,
low-capacity transporter (Ganapathy et al., 1995; Smith et al., 2013). Additionally, PepT2 is
more sensitive to extracellular pH as its activity decreased 5-fold from pH 6.0-8.0, whereas
the same pH changes only reduced PepT1 uptake by a half (Boll et al., 1994, 1996). Nev-
ertheless, there are currently no concrete structural explanations to account for these dif-
ferences. In the past, a series of chimera studies were conducted to address this question,
whereby varying domains of PepT1 and PepT2 were exchanged to delineate which part of
the transporter makes them different from one another. Here, the results of these studies will
be discussed in the context of our homology models, and other possible regions of conserved
sequence differences will be suggested for future studies.

Chimera studies Similar to cysteine scanning mutagenesis and SCAM analysis,
chimeric transporters were constructed to elucidate the putative substrate binding site, but
more specifically which part of the binding site contributes to the different apparent substrate
affinities between PepT1 and PepT2. Most chimera studies suggest the importance of the
N-terminal of the transporters towards their phenotypic differences. Doring et al. (1996)
showed that a transporter with H1-H9 from PepT2 with ECD and H10-H12 from PepT1
functions like PepT2. Further corroborating their results, Fei et al. (1998) narrowed down
the responsible region to H7-H9. Their HR2 construct (H1-H9 and ECD from PepT1 with
H10-12 from PepT2) behaved like PepT1, whilst HR3 construct (H1-H6 from PepT1 with
H7-H12 and ECD from PepT2) showed the characteristics of PepT2. However, Terada
et al. (2000a) demonstrated contradicting results. They showed that if a chimera has the
N-terminal bundle (H1-H6) from PepT1, it functioned like PepT1, and likewise for PepT2,

ance from Tolerance (SIFT) (Shen et al., 2006) and Polymorphism Phenotyping (Polyphen) (Adzhubei et al.,
2010).
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indicating the role of the first six helices instead. Later, Döring et al. (2002) identified a
small region (residue 1-59) that contributes significantly towards different substrate affinities
found in the mammalian peptide transporters. Only three of these four studies looked at
the difference in pH dependency (Doring et al., 1996; Terada et al., 2000a; Döring et al.,
2002). They unanimously agreed that the N-terminal region is associated with adapting to
the extracellular pH changes, with one study by Döring et al. (2002) specifically isolating
residues 60-91.

These results should be interpreted with caution, not only due to the conflicting data,
but also because mixing two different proteins, no matter how similar, is likely to introduce
confounding variables to the experiment. The first chimeric transporter by Doring et al.
(1996) used residues 1-401 from PepT2 and residues 402-707 in PepT1. When plotted on
the homology models, however, there are almost ten residues missing in the ECD region
due to the fact that PepT1 ECD starts at position 395, raising serious doubts regarding the
reliability of their results. Also, these four studies used a range of different compounds as
reporter substrates, and therefore comparing their results is difficult. Having said that, the
position of residues, which have been proposed by Döring et al. (2002), to play a role in
determining affinities and pH dependency were mapped (Figure 5.17). Residues 1-59 spans
H1 with part of H2 and includes the consensus ExxERFxYY motif. This motif contains two
tyrosine residues implicated in determining substrate specificities in PepTSt (Solcan et al.,
2012), lending further support to their hypothesis. The position of the proposed pH sensor,
however, is a bit dubious. Residues 60-91 lies on the cytoplasmic side of H2 and H3, with
no exposure to the extracellular side at all. This stretch of protein also does not contain any
histidine residue, which is usually associated with pH sensing, suggesting that these results
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Table 5.5: Percentage amino acid sequence identity for mammalian PepT1 and PepT2

Region Sequence Identity
H1 91.2
H2 88.1
H3 77.7
H4 92.5
H5 83.9
H6 85.2
H7 88.9
H8 85.5
H9 83.2

ECD 14.7
H10 92.1
H11 84.8
H12 55.5

demand further verification.
Sequence analysis The lack of any meaningful results from these chimera studies

signifies a big gap in our current understanding of the different phenotypic behaviours of the
two peptide transporters. In light of this, an analysis based on a multiple sequence alignment
of PepT1 and PepT2 were performed to find conserved similarities and differences between
them, and subsequently map these onto the homology models (Figure 5.18). The sequences
of PepT1 and PepT2 from six mammals were used: human, rabbit, mouse, rat, pig and dog.
The percentage of sequence identity for each TM helix and the ECD between these twelve
sequences is shown in Table 5.5.

As expected sequence conservation is highest in the TM domains, with the helices form-
ing the binding site showing the best homology. When key residues in substrate binding as
suggested by various mutational studies of PepT1, PepT2 and bacterial POTs were mapped,
all but one residue are totally conserved (Figure 5.19). In PepT1, the N-terminal extracel-
lular gate is formed by residue Arg34, but this residue is replaced by a lysine in PepT2.
Whilst both residues are positively charged, it is still very intriguing to see that they are
conserved differently in both transporters. Further analysis was conducted by adding 20
other sequences from vertebrates and it was found that this pattern prevailed. A residue at
this position is proposed to be involved in controlling the extracellular gate; it could be that
the arginine in PepT1 functions more efficiently than the lysine in PepT2, thereby increas-
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Figs. 5.18: Sequence conservation between mammalian PepT1 and PepT2 mapped on their homol-
ogy models ((a) and (b)) and coloured in rainbow, where red represents no conservation in either
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similarly in both. Red boxes highlight regions of conserved sequence difference. (c) Sequence align-
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Figs. 5.19: Comparing the sequence conservation in the binding site of PepT1 and PepT2. Key
residues in peptide binding are shown in stick representation and coloured using the same colour
scheme as Figure 5.18 The approximate position of the binding site is indicated by the red circle.
Multiple sequence alignment around the Arg34/Lys64 (marked by the red bullet) is shown on the
right. Conserved residues are coloured in blue.

ing the rate of peptide uptake and making it the high-capacity transporter. Similarly in the
nitrate transporter NRT1.1, phosphorylation alters the efficiency of the formation and break-
age of a salt bridge gate and this significantly affects the kinetics of nitrate uptake (Parker
and Newstead, 2014).

While the first eleven helices are highly conserved between the two isoforms, the most
distal helix, H12, shows a degree of sequence divergence especially on the cytoplasmic
half. According to the homology model, H12 is a scaffold helix and the cytoplasmic end
interacts with H7 and H9, with one side exposed to the membrane. The cytoplasmic ends of
H7 and H9 in PepT1 and PepT2 share a high sequence similarity, so it is difficult to draw a
meaningful conclusion as to why sequence of H12 diverges. Additionally, chimera studies
discussed previously demonstrated that this helix does not affect the characteristics of the
transporter (Fei et al., 1998).

Apart from the ECD, two other extracellular loops display sequence divergence. The
loop linking H3 and H4 in PepT1 has a considerably conserved 9-residue insert, making it
significantly longer than the same loop in PepT2. This region is negatively charged as it
contains up to four aspartate residues and the current model predicts it to be unstructured as
there is currently no structural information available (the same loop in PepTSo is comparably
shorter). A neighbouring loop between H5 and H6 in PepT1 also has a conserved sequence
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insertion that is absent in PepT2, albeit only made of three residues. These two inserts
in PepT1 are relatively short and most probably do not have any secondary structure, so
it is hard to imagine that they would alter the behaviour of the transporter. However as
they are positioned extracellularly, they could still be a target to study the difference in pH
dependency between the two transporters, more so as both inserts contain histidine residues.

Another region of conserved difference is the intracellular N-terminus, which was not
modelled in this thesis due to the lack of structural template. For PepT1, H1 starts at residue
15, whereas the beginning of H1 in PepT2 is at position 45, leaving PepT2 with 30 extra
residues in its N-terminal region. Interestingly, this long N-terminus is highly conserved
amongst mammalian PepT2 sequences. A secondary structural prediction using JPred

(Cole et al., 2008) predicted two b -strands in this region, suggesting that it might not be
just a long unstructured loop. While the function of this domain is not yet known, it is
unlikely to have a direct influence on peptide transport due to its distant position from the
substrate binding site. Another MFS transporter with a similar terminal domain outside of
the TM core is the drug efflux protein from E. Coli, YajR, which has a 65-residue C-terminal
ferredoxin-like domain, the function of which has yet to be elucidated (Jiang et al., 2013).

5.3.3 Interactions of ECD with TM region and membrane

One of the key strengths of our homology models is the accurate structural representation of
the large extracellular loop between H9 and H10, i.e. the ECD. The crystal structures of the
ECDs from mouse PepT1 and rat PepT2 reveal two compact b -sandwich immunoglobulin-
like folds linked by a short connecting loop (Beale et al., 2015). Despite sharing only 22%
sequence identity, the two ECDs closely resemble each other with a Ca RMSD of 1.8 Å.
These structures, for the first time, allow for accurate homology modelling of the full-length
transporters. The MD simulations suggest the ECD resides on one side of the transporter
and adopts a vertical orientation relative to the plane of the membrane (Figure 5.9). Here
a more thorough analysis of how the ECD interacts with the rest of the protein and the
surrounding membrane bilayer were performed.

Using VMD (Humphrey and Dalke, 1996), the 50 ns simulations were analysed to iden-
tify salt bridge interactions made by residues on the ECD with the rest of the protein. How
long each interaction lasted during each simulation was determined and the average over
three replicates was calculated. Interactions with a significant percentage duration of con-
tact are listed in decending order in Table 5.6. The positions of these salt bridges are mapped
onto the models in Figure 5.20.
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Table 5.6: Salt bridge interaction between ECD and TM domain

PepT1 PepT2
Salt bridge % contact Salt bridge % contact
K480-D383 32.2 R509-E79 35.6
E485-K194 15.2 R553-D208 27.3
E549-K314 14.8 K484-E79 18.2
K480-D49 1.7 K460-E674 16.7

E507-R329 2.5
Total 63.9 Total 100.3
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Figs. 5.20: Salt bridge interactions made by residues in the ECD (orange) of (a) PepT1 and (b) PepT2
with the rest of the protein (purple) as listed in Table 5.6. This is based on three repeats of 50 ns MD
simulations.
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In general, the ECD interacted mostly with residues in other extracellular loops or
residues from the end of a TM helix. These interactions, however, were mostly transient
with only three and four salt bridges persisting for longer than 5 ns (or 10% of the simula-
tion) for PepT1 and PepT2, respectively. One possible reason for this is the potential low
accuracy of the homology models around the extracellular loops as they lack any structural
template. Due to their poor coordination with surrounding residues and their exposure to the
bulk solution, these loops were highly mobile in simulation, which aggravated any potential
interaction with the ECD. Comparing PepT1 and PepT2, it was found that the ECD in PepT2
made more contacts with the rest of the protein, and these contacts, in total, lasted longer.
These salt bridge interactions restricted the movement of the ECD during the simulations,
contributing to the lower overall RMSF value of PepT2 (Figure 5.8).

Of potential interest are the contacts made between the ECD and gating residues in the
TM domain. In PepT2, the most persistent salt bridge was between residue Arg509 in the
ECD and Glu79 in H2. The latter, interestingly, is proposed to be the N-terminal extracel-
lular gate residue based on a sequence alignment to PepTSo (Figure 5.2 and Table 5.2). A
similar interaction is also observed in PepT1, that is Lys480 in the ECD forms a salt bridge
with Asp49 in H2, albeit with a much shorter duration. As both Lys480 and Arg509 are
highly conserved in mammalian PepT1 and PepT2, respectively, it is possible that they con-
trol the opening and closing of the extracellular gate and, by extension, the transport cycle.
Additionally, the sequence alignment also revealed that Asp49 in PepT1 lacks any inter-
acting partner on the C-terminal side of the TM domain as the closest positively charged
residue is Arg314, positioned five residues away due to an insertion of a highly conserved
sequence of TTMxG, which is absent in PepT2 or PepTSo. This lends further support that
the ECD could be essential for peptide transport, at least in PepT1. Whether the same ap-
plies to PepT2 is still debatable, as the N-terminal gate, Glu79, already has a partner on the
C-terminal side from H2 (Arg329), making another gate from the ECD seem redundant.

To characterise the interaction between the ECD and the membrane, the interquant

VMD plug-in (Humphrey and Dalke, 1996) was used with lipid residues on the upper leaflet
set as “origin” and all residues on the ECD set as “target”. A cut-off of 4 Å was applied.
Again, the length of each contact was measured and it was averaged over three replicates of
50 ns simulations. The list of residues that interact with the membrane is shown in Table 5.7
and mapped to the homology models in Figure 5.21.

Just like the interactions with the rest of the protein, the ECD contacted the lipid bilayer
in a transitory manner. In total, PepT1 ECD made more interactions with the membrane,
mostly mediated by residue Tyr547. Upon further inspection of the multiple sequence align-
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Table 5.7: Interaction of ECD with membrane bilayer

PepT1 PepT2
Residue % contact Residue % contact
Y547 28.6 H456 3.4
F550 2.8 N435 3.3
S523 1.5 K458 3.1
E549 0.8 Q412 1.0

K460 1.0
N433 0.5
N436 0.4
N512 0.2
L574 0.1

Total 33.7 Total 13.0
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F550
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K458

N435

K460
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Transmembrane

Extracellular

Figs. 5.21: Interactions made between residues in the ECD of (a) PepT1 and (b) PepT2 with the
inner leaflet of the membrane bilayer. Residues are coloured based on the duration of contacts made
with the membrane, from red (longest interaction) to white (no interaction) (Table 5.7), based on
three repeats of 50 ns MD simulations. The position of the phosphate head group of the membrane
is highlighted as orange spheres.
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ment, all mammalian PepT1 sequences have a polar residue at this position, suggesting it
might play a role in anchoring the ECD to the membrane via a hydrogen bond to a phos-
phate head group. Another residue of interest is Phe550 that potentially forms hydrophobic
interactions with lipid tails and is also totally conserved. Significantly less contacts was
observed between the ECD of PepT2 and the membrane. This is not surprising as the ECD
made more interactions with the rest of PepT2 as discussed earlier, and therefore was tilted
more toward the TM region of the protein. Some residues showed more prominent contacts
with the membrane than others, like His456, Lys458 and Asn435, although these were all
very short-termed (around 1-2 ns each) and thereby potentially non-specific.

5.3.4 PepT1 and PepT2 ECD bind to trypsin

Using two-electrode voltage clamp technique, our collaborators measured the transport
characteristics of PepT1 and PepT2 and demonstrated that the ECD is dispensable for pep-
tide and drug transport (Beale et al., 2015). Deleting the ECD from PepT2 or swapping the
region from PepT1 to PepT2 did not change the apparent affinity for the uptake of Glysar or
the antibiotic cefaclor. Deleting the ECD from PepT1 or swapping the region from PepT2
to PepT1, on the other hand, resulted in a poor level of expression, suggesting it plays a
structural role and is required for the correct folding of the protein. As such, whether the
ECD affects the transport of PepT1 remains to be determined.

Given the immunoglobulin-like structure of the ECD and the intestinal/renal lumen
environment in which these transporters are expressed, it is possible that the ECD in-
teracts with other extracellular protein(s) like enzymes and hormones. Our collaborators
performed binding assays using surface plasmon resonance (SPR) and microscale ther-
mophoresis (MST) and found that this domain binds to the intestinal protease trypsin with
a KD of around 8 µM and 6µM for PepT1 and PepT2, respectively. Further experiments
with a higher salt concentration abolished this interaction, suggesting that the ECD-trypsin
binding is mediated by an electrostatic interface. Using protein-protein docking, this bind-
ing was then modelled and subsequently the physiological relevance of the interaction to
the function of mammalian PepT1 and PepT2 was suggested .

Mapping sequence conservation for six mammalian homologs on the mouse PepT1 and
rat PepT2 ECD crystal structures, a patch of highly conserved negatively charged surface
was found. Interestingly, if the full-length transporter is considered, this conserved surface
does not lie directly above the TM domain, but on the opposite side facing the bulk solution.
It does make sense, however, that trypsin should not bind directly above the TM region
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Figs. 5.22: Identifying a possible binding site for the interaction of PepT1 and PepT2 ECD with
trypsin, based on sequence conservation. Human PepT1 homology model is shown in surface rep-
resentation, whereby on the left it is coloured based on sequence homology, and on the right based
on electrostatics. Multiple sequence alignment used in this analysis is shown highlighting the two
conserved negatively charged residues by the red bullets.

as this will obstruct the peptide translocation pathway and therefore hinder peptide bind-
ing and transport. Two key residues were identified: Asp550 and Glu573 in mouse PepT1
and Asp576 and Glu599 in rat PepT2. Mutations of these residues to alanine severely re-
duced the strength of interaction with trypsin, lending further support that this is a plausible
binding site. The equivalent residues in human PepT1 and PepT2 are Glu549, Glu572 and
Asp576, Glu599, respectively, as illustrated in Figure 5.22.

We then performed protein-protein docking on the ClusPro web server (Comeau et al.,
2004) using these two negatively charged residues as a guide, to build a model of full-length
PepT1-trypsin complex. This model was simulated inside a POPC bilayer to determine its
relative position with respect to the plasma membrane. As illustrated in Figure 5.23(a),
trypsin sits between the ECD of PepT1 and the membrane with its active site oriented to-
wards the bulk solution. Based on this snapshot, a working model for a multi-protein com-
plex of human peptide transporters with trypsin enzyme emerges. Long-chained polypep-
tides from acid hydrolysis and pepsin digestion in the stomach enter the small intestine,
in which they bind to and get cleaved by trypsin to form shorter peptides. Trypsin is a
specific enzyme that recognises positively charged residues and cleaves the downstream
peptide bond, essentially producing peptides with lysine or arginine on its C-terminus. Di-
and tripeptides containing these basic residues are poor substrates of peptide transporters
possibly due to the less optimal binding mode as has been suggested in §4.3.4. Therefore,
tethering trypsin using the ECD confers a huge advantage to the transporter as it can in-
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crease the local concentration of these low affinity peptides, and thereby improving uptake.
Negatively charged patches exist adjacent to the trypsin catalytic site and above the peptide
translocation pathway to retain these basic peptides until they bind to the transporter and get
transported into the cytoplasm (Figure 5.23(b)). Nevertheless, more robust structural and
biophysical studies involving the full length transporter are required to verify this model.

5.4 Conclusion

Here, full length homology models for the human peptide transporters, PepT1 and PepT2,
were built using as templates the crystal structures of a bacterial POT transporter, PepTSo,
and the extracellular domain of mouse PepT1 or rat PepT2. To date, these models are the
most complete and accurate three dimensional representation of these transporters owing to
the use of a template with a high sequence identity for the TM domain and, more impor-
tantly, the crystal structures of the mammalian ECDs that were absent in previous models.
The only large regions without any structural templates are the N- and C-termini, although
arguably these could be unstructured loops, and the intracellular loop between H6 and H7
that has been proposed to contain two a helices (Xu et al., 2010). The homology models
were then thoroughly vetted using stereochemical and geometrical evaluations, as well as
molecular dynamic simulations, which all indicated that they are structurally robust.

One key implication of the current modelling study is the ability to accurately map
residues that, through various independent studies, are proposed to be essential for peptide
transport. Knowing their positions with respect to the binding site provides possible expla-
nations for their functional roles. Most mutational studies so far used the crude homology
model by Bolger et al. (1998) as a guide. This model, however, assumed the binding site
is made of H1, H3, H5, H7 and H10, which according to an increasing number of crys-
tallographic structures of POT transporters, and MFS transporters in general, is incorrect.
Additionally, the starting position of H1 was also wrongly predicted. As a result, there are
several regions of interest, based on our homology models, that are still left unexplored.
One good example is the consensus ExxERFxYY motif on H1 that forms the majority of
the substrate binding site. Numerous studies on bacterial POTs have shown its importance
in peptide recognition and selectivity but to date, no studies have been performed on these
residues in PepT1 or PepT2. Our new homology models, therefore, will not only allow
for better interpretations of available mutational data but most importantly, can become a
reference to design future experiments.

PepT1 and PepT2 belong to the same transporter family, but functional studies have
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Figs. 5.23: A model of the putative PepT1-trypsin complex was built by docking human trypsin
crystal structure to PepT1 homology model using ClusPro (Comeau et al., 2004). (a) The relative
position of the complex inside a membrane bilayer, highlighting the position of trypsin active site
in red and the proposed mechanism of cooperativity between both proteins. (b) Negatively charged
patches exist directly above the putative peptide binding site of PepT1, suggested to be involved in
maintaining a high local concentration of positively charged peptides for more efficient transport.
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shown that they have distinct transport kinetics (Boll et al., 1994, 1996). Efforts to pinpoint
the structural origins of these differences have so far been inconclusive. This is especially
challenging for the current study given the homology models for both proteins are very
similar. Nonetheless, there are a few interesting regions in the binding site and around
the extracellular loops that were highlighted, for which different residues are conserved
between the two isoforms. It is possible that both transporters share a very similar overall
architecture and that their distinct characteristics arise from small local differences. The
nitrate transporter, NRT1.1, which is a plant homolog from the POT family, switches from
low-affinity to high-affinity transport mode just by phosphorylation of a tyrosine residue that
causes a localised disruption to the N-terminal bundle (Parker and Newstead, 2014)—a good
example of how a small structural alteration can reverberate across the whole transporter and
significantly influence its fundamental behaviour.

In vitro binding assays revealed that the ECDs of PepT1 and PepT2 show physiologi-
cally relevant affinity for the intestinal protease trypsin. The interaction of trypsin with the
intestinal mucosa has been documented as far back as 1968, when it was suggested to be
adsorbed to the cell surface membrane (Goldberg et al., 1968). Our homology models al-
low for the building of a PepT1-trypsin complex, subsequently providing a first look at how
trypsin is potentially tethered to the membrane bilayer via the ECD. It was proposed that by
capturing trypsin locally, PepT1 increases its efficiency of transport for di- and tripeptides
with basic residues. This is, to date, a unique example of an MFS transporter evolving to
include an additional functional domain outside of its canonical 12 TM helices in order to
assist uptake activity.

Ultimately, the interest to study human peptide transporters comes from their ability
to transport pharmacologically relevant compounds, and hence enhance oral drug delivery.
Fitting with the overarching theme of this thesis, the PepT1 homology model shall now be
used, along with the previously validated free energy methods, to study drug binding.



Chapter 6

Peptide and drug binding in human
PepT1

The binding of seven peptides and 14 drugs to a homology model of hu-
man PepT1 was modelled based on the crystal structures of peptide bound
complexes of the bacterial POT, PepTSt. A scoring function and three end-
point free energy methods were evaluated to estimate the binding affini-
ties of these compounds, but poor correlation to in vivo competition trans-
port assays was observed. Our results clearly indicate the need for a high
resolution crystal structure to conduct a reliable protein-ligand simulation
and accurately estimate the free energy of binding. Results from previous
studies on the bacterial homolog, PepTSt, was used as a basis to suggest
how PepT1 recognises drug compounds. The successful prodrug approach
may stem from the attached amino acid forming a pseudo N-terminus that
anchors the drug to the transporter whilst a large hydrophobic pocket in
the binding cavity acts as a refuge for active drug moieties. The presence
of His57 as a part of the extracellular gate may facilitate the uptake of
peptidomimetics by allowing a more efficient transition of conformational
states.

6.1 Current state of drug design for PepT1

In the past decades, the field of computational chemistry has contributed significantly to the
early stage of drug development by means of ligand-based modelling techniques, such as
pharmacophore mapping and three-dimensional quantitative structure-activity relationship
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(3D-QSAR) analyses (Caporuscio and Tafi, 2011). These approaches rely on identifying the
physico-chemical similarities between known ligands to develop a common template, usu-
ally by aligning them all together in their energy minimised state. The correlation between
molecular descriptors on the template and the biological activities of the ligands is then
quantified (Acharya et al., 2011). This substrate template can be used in virtual screening to
discover novel drug candidates. Potential compounds are scored based on how well they fit
this template, and top-ranking hits are subsequently synthesised for lab testing. Apart from
applying these techniques to drug targets like receptors or enzymes, they have also been
used to study drug transporters.

As discussed in Chapter 1, PepT1 is an important target for designing drugs that are
orally active. Bailey et al. (2000) compiled the results of various experimental studies con-
sisting of 100 compounds and proposed the first simple substrate template for PepT1 that
they claimed could determine whether a substrate will be transported with high, medium
or low affinity. In contrast, Ekins et al. (2005) employed just three well known PepT1 sub-
strates, glysar, bestatin and enalapril⇤ to generate a common-feature pharmacophore map us-
ing the HIPHOP program (Clement and Mehl, 2000). Despite the small sample, their model
successfully identified two novel inhibitors for the transporter: the anti-diabetic repaglinide
and the HMG-CoA reductase inhibitor fluvastatin, which were later experimentally verified.

Using 3D-QSAR methodologies such as comparative molecular field analysis (CoMFA)
and comparative molecular similarity indices analysis (CoMSIA), Gebauer and Hartrodt
(2003) used a training set of 79 dipeptide-like substrates to identify six recognition elements
favouring binding to PepT1. Cross-validation with a test set of 19 compounds demonstrated
a correlation coefficient of ⇠0.7 with experimentally measured transport data. The model
was later improved by adding tripeptides and b -lactam antibiotics into the training set and
a higher predictive power was obtained (r2 = 0.8) (Biegel et al., 2005). A more sophisti-
cated pharmacophore map that can distinguish between substrate binding and transport was
built by Vig et al. (2006) by applying a two-pronged approach—competition assays as an
input for binding affinities and membrane depolarisation assays as an input for efficiency of
transport. The study identified key structural features for a compound to be transported by
PepT1.

While these methodologies are good at clarifying the molecular descriptors that sub-
strates tend to share, they provide very little information on the binding site of the protein

⇤A more recent study by Brandsch (2009) showed that despite showing moderate competition with Glysar
uptake in Caco-2 cells, enalapril only induced 5% of the maximal currents elicited by a typical substrate in a
two-electrode voltage clamp experiment using X. laevis, suggesting that it is either a very poor substrate or a
competitive inhibitor.
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Figs. 6.1: The structures of peptides used as a test set to assess binding affinity prediction methods
with human PepT1 homology model.

itself and therefore offer little or no structural justifications for the results. Recently, the
determination of X-ray crystal structures of pharmaceutically important membrane proteins
has shifted the paradigm from these indirect ligand based approaches towards direct struc-
ture based approaches. One example relevant for this thesis is, of course, computing the free
energy of binding (reviewed in detail in Chapter 2). With the ever increasing computational
power, the implementation of free energy calculations in structure based drug design will
continue to expand to include more proteins and larger compound libraries (Shirts et al.,
2010).

The structure of human PepT1 itself is not yet available. Nevertheless, the growing
number of crystal structures of bacterial POTs provide great model systems to understand
the molecular basis of ligand binding in the POT family. In Chapter 4, the interaction of nu-
merous peptides with PepTSt was characterised and the specificity profile of this transporter
was determined using a range of free energy methods. More importantly, this approach
provided interesting insights, which could not have been gained by ligand based studies;
for example, that the low affinity of basic dipeptides may stem from a less optimal binding
orientation. Having built a reasonable homology model of PepT1 in the previous chapter,the
same technique shall now be extended to human PepT1.

In the first instance, a scoring function (via AutoDock) and three types of end-point
free energy methods (linear interaction energy (LIE), molecular mechanics Generalised
Born surface area (MMGBSA) and molecular mechanics Poisson Boltzmann surface area
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Table 6.1: Peptide transport by human PepT1

Peptide IC50 (mM) Reference
AlaPhe 0.07 Vig et al. (2006)
AlaAla 0.08 Vig et al. (2006)
MetMetMet 0.10 Biegel et al. (2005)
PhePhe 0.11 Gebauer and Hartrodt (2003)
LeuPro 0.18 Biegel et al. (2005)
ProAsp 9.80 Biegel et al. (2005)
ProGlu 20.00 Biegel et al. (2005)

IC50 values were measured by competition transport assays in Caco-2 cells
monolayer using 14C-Glysar as the reporter substrate.

(MMPBSA)) will be used to estimate the free energy of binding, DG, for a test set of ligands.
The vast amount of transport data available in the literature for PepT1 allows us to include
not only di- and tripeptides, but also some drug compounds, in the test set. Seven peptides
featured in either Gebauer and Hartrodt (2003), Biegel et al. (2005) or Vig et al. (2006)
were selected (Figure 6.1 and Table 6.1). Six b -lactam antibiotics studied in Bretschneider
et al. (1999) are also chosen along with eight other drugs and prodrugs (Table 6.2). Using
transport data from more than one source could introduce errors. However, there is currently
no single study that has measured the uptake of a comprehensive list of peptides and drugs
by human PepT1. Nonetheless, to maintain consistency between these different studies, we
made sure that they all used the same assays and similar conditions, i.e. competition trans-
port assays in Caco-2 cells monolayer using 14C-Glysar as a reporter substrate. This test
set was chosen to cover a large range of peptide/drug selectivity, i.e. IC50 from 0.07 to 40
mM. Afterwards, the suitability of using these affinity prediction methods on our homology
model will be discussed.
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6.2 Methods

Briefly, most of the protocols for modelling, simulation and free energy calculation follow
closely the ones explained in §3.2. Emphasis will be given on how drug compounds were
dealt with as this has not been described in previous chapters.

6.2.1 Modelling peptide and drug binding

As human PepT1 shares 80% sequence identity with PepTSt around the binding cavity, it is
assumed that ligand interactions would also be preserved. The homology model of PepT1
was aligned to the PepTSt-AlaPhe (PDB ID: 4D2C) and PepTSt-triAla (4D2D) complex
structures (Lyons et al., 2014) in PyMOL to build models of PepT1-AlaPhe and PepT1-
triAla, respectively. The coordinates of AlaPhe and triAla were then used as a template to
model other peptides. Only the side chains of the peptide substrates were altered whilst the
structure of the rest of the homology model remained the same.

To model the binding of a drug compound to the homology model of PepT1, the struc-
ture was determined by inspection if it resembles AlaPhe or triAla. Small drugs, i.e. AMV,
APA and GSC, as well as prodrugs, i.e. VCV, VGC, MID and FLO are structurally analo-
gous to AlaPhe. Each of these compounds was aligned to AlaPhe in the “horizontal” binding
pose using a flexible ligand alignment program, LigAlign (Heifets and Lilien, 2010) (Fig-
ure 6.2(b)). On the other hand, the b -lactam antibiotics (CFD, CFL, CFR, CYC, OXA and
BPC) and BES are more similar to triAla, and therefore were aligned to the vertical binding
pose (Figure 6.2(c)). These alignments were copied to the coordinates of the homology
model to create a series of PepT1-drug complexes.

6.2.2 MD Simulation

The PepT1 homology model and peptides were parametrised using the standard Amber99SB
force field (Lindorff-Larsen et al., 2010). Drug molecules, on the other hand, were parametrised
using the generalised Amber force field (GAFF) (Wang et al., 2004). These parameters
were generated in the Antechamber program (Wang et al., 2006b) whereby the AM1-BCC
charge model was utilised (Jakalian et al., 2002). Each ligand-bound transporter protein
was inserted into a pre-equilibrated 381-molecule POPC bilayer (Dickson et al., 2012) in a
cubic box of dimension 10 nm ⇥ 13 nm ⇥ 15 nm using the g_membed protocol (Wolf et al.,
2010). TIP3P water (Jorgensen et al., 1983) and 0.15 M NaCl ions were added to the sim-
ulation box. The system was energy-minimised by a steepest-descent protocol and further
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H1-H6

H7-H12
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Cefalexin
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Figs. 6.2: Modelling the binding of drug compounds to PepT1 homology model. (a) The binding site
of human PepT1 with H2 and H11 removed for clarity. (b) Small drugs and prodrugs are modelled
based on the binding of AlaPhe in the horizontal mode, while (c) b -lactams are modelled based on
the binding of triAla in the vertical mode.

equilibrated in a 1 ns simulation, with the heavy atoms of the protein and ligand position-
ally restrained. Upon removing this restraint, a 1 ns production simulation was performed
for each ligand as an input for the end-point methods. All simulations were performed in
Gromacs 4.5.4 (Hess et al., 2008) with settings as outlined in §5.2.4.

6.2.3 Free energy calculation

As described in §3.2.2, binding free energy prediction was performed for each ligand in the
test set using either AutoDock Vina (Trott and Olson, 2010), the g_lie tool in Gromacs
4.5.4 (Hess et al., 2008) or the MMPBSA.py program in Amber (Miller III et al., 2012).
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6.3 Results and Discussion

The graphs of predicted DG vs experimental IC50 are shown in Figure 6.3. The predicted
DG values for all ligands in the test set are listed in Table 6.4. The performance of each
binding affinity prediction method is assessed using the Spearman’s correlation coefficient,
r (Lehmann and D’Abrera, 1998), and the Pearson correlation coefficient, r (Pearson, 1895)
(explained in §3.2.4). This is summarised in Table 6.3.

Table 6.3: The performance of binding affinity prediction methods for human PepT1

Correlation measure AutoDock LIE MMGBSA MMPBSA
r -0.08 0.07 0.07 0.08
r -0.14 0.00 0.10 0.00

r represents Spearman’s rank correlation coefficient calculated using Equation 3.3, whilst r
represents Pearson correlation coefficient calculated using Equation 3.4..

6.3.1 All methods fail to predict transport.

Similar to the results for PepTSt in Chapter 3, AutoDock failed to accurately rank the lig-
ands with both Spearman’s and Pearson correlation coefficients close to zero, indicating no
predictive power (Figure 6.3(a)). As seen previously, the predicted DG values span a rela-
tively small range from 0 to -10 kcal/mol and most ligands are predicted to have a binding
affinity of between -2 to -8 kcal/mol. A poorly transported b -lactam antibiotic, BPC, is
estimated to have a very similar DG to a well transported dipeptide, AF (-5.9 kcal/mol and
-5.7 kcal/mol, respectively). These results strengthen our argument in §3.3.1 that scoring
functions, due to the use of an over simplified mathematical model and lack of consideration
for protein-ligand binding dynamics, are insufficient to distinguish good and poor substrates
of peptide transporters.

For binding affinity predictions using the end-point free energy methods, a 1 ns simu-
lation was included in an attempt to account for conformational changes that happen when
a compound binds to PepT1. Previously, in §3.3.2, it was demonstrated that for most of
the ligand bound PepTSt simulations, DG data became de-correlated after 10 ps and reached
equilibrium after 200 ps. It shall be assumed that these characteristics apply to all the ligand
bound PepT1 simulations and so the same auto-correlation time, t , and equilibrium time,
teq, will be used for all of the simulations in this section.

To our surprise, the performance of all three end-point methods was comparable to
AutoDock. In contrast to the results for PepTSt, LIE, MMGBSA and MMPBSA were un-
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Table 6.4: Predicted DG for peptide and drug binding to human PepT1

Compound
DG (kcal/mol)

AutoDock LIE MMGBSA MMPBSA
AF -5.9 4.1 -49.8 -27.1
AA -5.0 -17.3 -27.5 -5.0
MMM -3.9 57.9 -59.6 2.7
FF -6.8 34.4 -36.5 30.0
LP -1.0 26.6 -24.9 5.3
PD -5.9 13.8 -23.8 16.1
PE -6.6 9.2 -37.2 -14.9
VCV -9.1 12.6 -51.6 -2.1
CYC -4.1 22.1 -54.1 -19.8
GSC -4.3 15.6 -16.3 7.3
AMV -4.6 -25.1 -32.1 -12.4
VGC -7.0 -14.1 -64.6 -17.5
BES -7.2 -31.6 -44.2 -5.9
MID -5.8 -9.2 -32.9 5.9
APA -5.4 23.1 -28.7 -27.2
CFD -4.6 31.6 -44.4 23
FLO -6.0 5.3 -25.9 8.4
CFR -5.9 19.2 -49.9 -0.2
OXA -2.9 -24.3 -26 7.9
CFL -5.1 55.4 -52.5 0.3
BPC -5.7 49.2 46.5 -15.9

The end-point methods use empirical constants and implicit solvation, therefore the
magnitude of DGs calculated may seem dubiously large (or small). These should not
be considered as the true binding energy.
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Figs. 6.3: Binding affinities of peptides and drugs to human PepT1 as predicted by (a) AutoDock
and (b) end-point free energy methods (from left: LIE, MMGBSA and MMPBSA) compared to
experimental IC50 values. Error bars in (b) represents standard error from de-correlated DG data for
a 1 ns MD simulation.

able to reproduce the experimental ranking of ligands as indicated by the Spearman’s and
Pearson correlation coefficients all having values around zero, suggesting that the prediction
is random. Inspecting the range of predicted DG values, it was found that a similarly large
span for each method as observed previously. For example, LIE predicts a distribution of
DG from -50 to 50 kcal/mol, i.e. a 100 kcal/mol range. In practice, this should allow us to
distinguish between strong and weak binders. However, due to the inaccurate prediction for
each ligand, the methods could not differentiate for example, the low affinity BPC antibi-
otics from high affinity peptides like AA, AF and FF. Overall, the performance of end-point
free energy methods for the PepT1 model is very poor, especially considering the computa-
tional requirements are at least three orders of magnitude higher than that of AutoDock. The
additional protein-ligand dynamics evidently failed to improve predictions by any apprecia-
ble degree as the results obtained are on par with using AutoDock and a static structure. As
such, it seems sensible not to pursue with the theoretically rigorous method, thermodynamic
integration (TI). Instead, possible reasons for this loss of predictive ability of the end-point
methods shall be explored.
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6.3.2 General Amber force field for drug parameters.

In this study, all drug compounds are parametrised using the general Amber force field
(GAFF)† (Wang et al., 2004). This force field has a limited number of atom types and
yet covers a vast range of chemistries from organic to pharmaceutical molecules. In prac-
tice, some of the atom types will be too generic to describe the chemical environment of
a specific group, for example, the b -lactam ring. The peptide ligands, on the other hand,
are parametrised using the well established Amber protein force field that was developed
to specifically fit the chemical properties of amino acids, and therefore is more accurate
(Lindorff-Larsen et al., 2010). We speculate that the poor predictive ability of the end-point
free energy methods stems from the incorrect parametrisation of the drug molecules causing
inaccurate sampling during MD simulations.

A previous study by Kuhn et al. (2005) found a slight degradation in predictive ability
of MMPBSA when using ensembles of snapshots generated by MD simulations compared
to using a single structure. The study employed GAFF and MAB force fields to parametrise
16 ligands of the p38 MAP kinase and suggested the ligand parameters were to blame. To
test this, all three end-point methods was performed on the static structure of PepT1-ligand
complex built based on homology modelling (Figure 6.4(a) and (b)). For LIE and MMG-
BSA, the analysis indicates no significant different between using either the static structure
or snapshots from MD simulations, with all r values remain close to zero. Interestingly
a somewhat similar degradation in predictions for the MMPBSA method was observed,
i.e. calculations using the static structures are better than using MD ensembles. However,
whether this observation is significant is questionable since the MMPBSA performance for
single structures is still considerably lower than what was previously observed for PepTSt.

To investigate further, the ligands in the test set were separated into peptides and drugs
and the values of the r and r correlation coefficients for these subsets were recalculated.
We wanted to see if one subset performed better than the other, which would indicate an
underlying force field issue. Unfortunately, as illustrated in Figure 6.4(b), similarly dis-
couraging results were found for both the peptide and drug subsets. For the LIE method,
DG predictions for the drug test set are actually slightly better than for the peptide test set.

†Another force field typically employed to parametrise small molecules is CHARMM general force field
or CGenFF (Vanommeslaeghe et al., 2010). Compared to GAFF, it boasts a larger library of atom types to
cater for more specific chemical environments. However, at the time this study was performed, CGenFF did
not have any parameters for the b -lactam ring, making it impossible to parametrised the b -lactam antibiotics
in our test set, therefore we proceeded with GAFF. Alternatively, one can perform individual parametrisation
for each ligand to get the best representation, but this would be very computationally demanding and time
consuming.
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Figs. 6.4: Analysis of the reliability of GAFF in simulation for free energy calculations. (a) The per-
formance of binding affinity prediction methods for a static structure (orange) and for an ensemble
from a 1 ns MD simulation (green). The metric used for comparison is the Spearman’s correlation
coefficient, r . (b) A similar comparison for the Pearson’s correlation coefficient, r. (c) The perfor-
mance of the methods for peptides (red) and drugs (blue) compared based on their r values. (d) A
similar plot for the r values.
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Additionally, comparing the correlation coefficients for the peptide test set to the predic-
tions involving PepTSt (Table 3.2 and Figure 3.9), it is clear that the results for the PepT1
homology model are notably inferior, despite having a smaller data set (the peptide test set
for PepTSt contains eight compounds while the PepT1 test set has only seven). Moreover,
Wright et al. (2013) demonstrated encouraging results when MMPBSA was performed us-
ing trajectories from MD simulations using GAFF for nine inhibitors of the HIV-1 protease.
Collectively, we conclude that the poor performance of end-point methods in predicting the
binding affinities of peptides and drugs to PepT1 cannot be attributed to the force field used
to parametrise the drug molecules.

6.3.3 Experimental data from whole cell assays.

As previously mentioned, the experimental data to which the DG predictions are compared
were collated from several different in vivo studies. Whilst all of these studies were per-
formed in Caco-2 cell monolayers and used the same reporter substrate (14C-Glysar), it is
possible that different laboratories would measure different values for the same compound,
leading to errors. In whole cell uptake assays, peptide and drug transport can vary due to
numerous reasons, such as cell source, culture media, monolayer age, buffer composition
and other experimental conditions (Volpe, 2011). Unlike the in vitro proteoliposome uptake
assays, it is also more difficult to precisely quantify the expression level of the transporter
protein in the cell-based assay, introducing a further variable to the measurement. It is likely,
therefore, that using IC50 values from different studies together to rank the ligands might
elicit dubious results, and ultimately reduce the correlation to the computed DGs.
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Figs. 6.5: Comparing the IC50 values for twelve
dipeptides obtained from two different studies
(Vig et al. (2006) and Biegel et al. (2005)) us-
ing the Caco-2 cell monolayer and 14C-Glysar.
The unit on both axes is mM and the line drawn
represents perfect linear correlation.
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To approximate the degree of variability between these experimental studies, the results
of Biegel et al. (2005) and Vig et al. (2006), which contain the most extensive data for di-
and tripeptide uptake by human PepT1 in Caco-2 cells, were compared. Between the two
studies, there are twelve identical dipeptides but no identical tripeptides. The IC50 values
for these twelve dipeptides from both studies were plotted, and if this in vivo assay is repro-
ducible, then the points should all fall on a straight line. Indeed, there is an almost perfect
correlation between the two sets of transport data with r = 0.98 and r = 0.94 (Figure 6.5). It
is worth noting that the exact IC50 values for each peptide from the two studies do differ, for
example, for ProGlu, Vig et al. (2006) obtained 12.3 mM whereas Biegel et al. (2005) re-
ported 20 mM. Despite this discrepancy, the rank-ordering of all the twelve peptides is very
similar. This analysis strongly indicates that, whilst the inter-laboratory variations cause
differences in individual measurement, the overall trend of peptide transport remains the
same, suggesting that, at least for peptides, using uptake data from more than one study will
not significantly affect comparison to the calculated DG values.

Repeating the analysis for drug uptake, however, proved more difficult as often each
study only consisted of one drug compound. Only the uptake of the b -lactam antibiotics
has been repeated in several studies. Nevertheless, in most cases the experiments were
performed using different protocols, making comparison between them rather problematic.
For example, different cell lines were used: Terada et al. (1997) measured the inhibition of
14C-Glysar uptake by nine antibiotics in LLC-PK1 cells stably transfected with rat PepT1;
Han et al. (1999), on the other hand, used CHO cells over expressing human PepT1 and
3H-Glysar to study the transport of cefaclor and cephalexin. Despite this, the analysis of the
peptide uptake data alone suggests it is unlikely that the usage of IC50 values from different
in vivo studies to be the reason for the low correlations observed in the predictions with
PepT1.

6.3.4 Crystal structures essential for prediction of binding free energy.

Another possible reason for the poor performance of the prediction methods is the lack of
a high resolution crystal structure, as was used in Chapter 3 and Chapter 4 for PepTSt. We
described in Chapter 5 how a homology model of human PepT1 was built based on the
structure of PepTSo, since the crystal structure is currently unavailable. While various tests
like geometrical analyses and MD simulation suggested that our model is overall structurally
reasonable, it is likely that the precise orientations of residues in the binding site, especially
the amino acid side chains interacting with the ligand molecule, are inaccurate. Additionally,
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Table 6.5: Templates for PepTSt homology modelling

Name Sequence identity (%) Ca RMSD (Å) PDB ID
PepTSt 100 0.0 4D2C and 4D2D
GkPOT 52.9 1.2 4IKV
LacY 25.2 4.8 1PV6

the current study is based on the assumption that di- and tripeptides occupy the binding site
of PepT1 in a similar way to PepTSt, as elucidated by Lyons et al. (2014), and that drugs bind
to the transporter either like a dipeptide or a tripeptide depending on their size and chemistry.
Whilst these are sensible assumptions given that both PepT1 and PepTSt share most key
residues in the binding site, it is plausible that subtle structural deficiencies in the homology
model could result in erroneous binding affinity predictions. This raises several important
questions: How sensitive are in silico affinity predictions to the structural integrity of the
protein model? Can MD simulations correct any structural errors in a homology model and
ameliorate predictions? Or will MD simulations of an incorrect homology model induce
spurious sampling that ultimately aggravates the problem?

In order to address these questions, we have to go back to the bacterial peptide trans-
porter, PepTSt for a few reasons: i) there is a crystal structure, to which the quality of a
homology model can be compared, ii) the binding orientations of peptides are known, thus
eliminating another variable, and iii) the high-quality transport assay data from proteoliposome-
based experiments. Three homology models of PepTSt were built based on different tem-
plates of varying sequence identity and RMSD (Table 6.5). The first model was built using
the PepTSt crystal structure itself as a template. This should be the best homology model
possible for the protein. The second model uses the crystal structure of GkPOT, which
shares a high sequence identity (>50%) with PepTSt, as a template. The crystal struc-
ture of GkPOT is also very similar to that of PepTSt (Ca RMSD = 1.2Å), representing
an intermediate-quality model. The third homology model was built using LacY as a tem-
plate. Despite having a similar MFS canonical fold, LacY shares a low sequence identity
(⇠25%) and structural similarity (Ca RMSD = 4.8Å) with PepTSt. As such, it represents a
low-quality model. All chosen templates are in the inward facing conformation. For con-
sistency, the same eight peptides as in Chapter 3 were used as the test set (Table 3.1) and
their binding to the homology models is modelled based on the protocol described in §6.2.1.
For each protein-peptide complex, the binding affinity was predicted using AutoDock, LIE,
MMGBSA and MMPBSA as described in §3.2.2. For each calculation with the end-point
methods, a simulation of length 1 ns was performed following the parameters outlined in
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§3.2.3. As before, predicted DG values were compared to experimental IC50 values from
Solcan et al. (2012) and the Spearman’s correlation coefficient was calculated as the mea-
sure of accuracy of the predictions.

It seems clear from Figure 6.6(a) that the predictive ability of the end-point methods
is proportional to the quality of the protein model used for the calculations. Compared to
the PepTSt crystal structure, all the homology models show lower r values for all the three
methods. It is interesting that even when the homology model is built using the PepTSt

crystal structure as a template, there is a decrease in the correlation coefficient values. This
reduction of r is larger for the model based on GkPOT and larger still when LacY is em-
ployed as the structural template. When the average r values were plotted for the three
end-point methods vs. the sequence identity of the template with PepTSt (Figure 6.6(b)), it
becomes apparent that the higher the sequence identity, the better the DG predictions. This
trend is in agreement with the predictions made by the PepT1 homology model: PepT1 and
its template (PepTSo) have a percentage sequence identity of ⇠30%, which is slightly higher
than the PepTSt-LacY model but lower than the PepTSt-GkPOT model, and congruently the
r values for the peptide test set falls between these two models. The performance of the
end-point methods, however, reaches a plateau of r ⇠ 0.6 for the best homology model, i.e.
a percentage sequence identity of 100% when PepTSt is used as the template. A reciprocal
trend is observed when the RMSD between the crystal structure of the template and that
of PepTSt was considered (Figure 6.6(c)); the more divergent the two structures the worse
the predictive ability. The results obtained using the AutoDock Vina scoring function, on
the other hand, demonstrated a consistently low r values across all homology models, as
was previously seen for PepTSt crystal structure (§3.3.1), and is not affected by the use of
different templates during homology modelling.

To understand the structural origin of the errors in end-point free energy predictions
using these homology models, the conformational space explored by the protein and ligand
during the 1 ns MD simulations were examined. Comparing the overall structures after
a 1 ns simulation (Figure 6.7), it is apparent that the homology models sample different
conformations from the crystal structure. For the best homology model, whereby PepTSt

itself is used as the template, there is a minor difference in structure: the observed all-
atom RMSD is 2.7 Å, whilst backbone RMSD is 1.9 Å, suggesting that while the protein
backbone remain largely similar, the amino acid side chains could be the primary contributor
towards the structural difference. A model based on GkPOT reports a larger RMSD as
the template has a slightly different fold, and a model based on LacY displays the most
structural difference with RMSD⇠6 Å, as expected due to the largely dissimilar structure.
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Based on this analysis, it was also found that the position of the peptide ligand, AlaPhe,
shifted during the simulation such that it occupied a different binding orientation compared
to the simulation using the crystal structure as the starting coordinates. To inspect the sta-
bility of the peptide within the homology model, the average RMSD for all eight peptides
throughout the 1 ns trajectory was plotted (Figure 6.8). For the PepTSt homology models
based on the PepTSt and GkPOT crystal structures, the peptide conformation is reasonably
stable with RMSD values of around 2 Å, comparable to the simulations of the PepTSt crys-
tal structure. With the LacY based homology model, however, there is a major shift away
from the starting configuration (RMSD⇠6 Å), suggesting weak binding. This is not un-
expected as the LacY crystal structure is more open on the cytoplasmic side compared to
either PepTSt or GkPOT, and therefore it is possibly more difficult for peptide substrate to
form strong interactions with residues in the binding site.

Protein-ligand interactions in the binding site form the basis of the end-point free energy
calculations to determine DG. As such, a thorough contact analysis was performed using the
VMD plug-in interquant (Humphrey and Dalke, 1996) for all eight peptides and subse-
quently the average values for the three homology models and the crystal structure were
plotted (Figure 6.9). The analysis for the simulations using the crystal complex identified
key residues as suggested by functional studies in Solcan et al. (2012) and Lyons et al.
(2014). These include Tyr30 in H1, Tyr68 in H2, Trp296 in H7 and Glu400 in H10. An
interesting trend emerges when the results for these residues for the homology models were
inspected. The PepTSt based homology model showed a small but noticeable decrease in
contacts compared to the crystal structure, while the GkPOT based homology model showed
an even more conspicuous reduction. For example, Tyr68 in H2 made around 60% contacts
during the simulation involving the crystal structure, but only 40% for PepTSt based model
and less than 10% for GkPOT based model. The same trend also prevailed for residues in
H7 and H10. It seems that for the best and intermediate quality homology models, the sim-
ilarity of protein-ligand contacts with the crystal structure is proportional to the structural
integrity of the homology models. A similar analysis for the lowest quality homology model
based on LacY, on the other hand, returned no significant contacts for any residues in the
binding site. The poor coordinations of ligand with protein residues in this model explains
the unstable binding as depicted by the RMSD analysis discussed earlier. Taken together,
these results suggest that the lack of a good protein structure is the most likely reason for
the poor correlation between the predicted DG and experimental IC50 values for peptide and
drug binding to human PepT1.

The use of homology models in free energy calculation is not without precedent. Gen-
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heden (2012) generated several homology models for the factor Xa protein. They calculated
relative binding affinities of different ligands to both proteins using TI and subsequently
compared the results to similar calculations using published crystal structures. A large dif-
ference (8 kJ/mol) is obtained when a three-residue loop region is incorrectly modelled,
demonstrating that a small and localised structural error can indeed affect free energy cal-
culations. However, some studies utilising homology models have proven successful. For
example, Osterberg and Aqvist (2005) used a homology model of the human voltage gated
hERG potassium channel based on the structure of a bacterial KvAP channel to predict
the affinity of six ligands using AutoDock scoring function and the LIE method. While
AutoDock failed to discriminate between good and weak binders of the ion channel, LIE
produced a good correlation to experimental data. Additionally, Huang et al. (2012) built a
homology model of the M5 muscarinic acetylcholine receptor and employed the MMPBSA
method to determine the binding energy difference between two pharmaceutically-relevant
ligands. Encouragingly, the results obtained is within 0.3 kcal/mol to experimentally derived
value. Therefore, the use of a homology model in the calculation of binding free energy is
probably system-dependent. It is tempting to generate such models in the absence of a crys-
tal structure, especially for medically relevant membrane proteins which are often difficult
to crystallise, but they should be used with a degree of caution. Experimental validation, for
example by virtue of binding assays, is the only way to evaluate whether the model is fit to
study protein-ligand interactions.

6.4 Insights into drug design from PepTSt

Following our discovery that the accuracy of the free energy methods is critically dependent
on the quality of the structure, we decided to take a step backward and investigate the bac-
terial POT transporter, PepTSt. The POT transporter family traverses from bacteria to man
with essential residues in peptide transport conserved across different species (Daniel and
Spanier, 2006). In Chapter 4, using a range of affinity prediction methods, several key char-
acteristics of binding selectivity were elucidated and how dipeptides and some tripeptides
interact with the transporter was suggested. To understand how much of these characteris-
tics are likely to apply to PepT1, the binding sites of the two homologs and their transport
preference will be first compared.

As illustrated in Figure 6.10(a) and (b), the molecular architecture of the binding site is
almost identical, as most of the residues that have been shown to be vital for transport via
various functional studies are preserved in both transporters. Nevertheless, two differences
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are found: i) Phe297/Glu299 on H7 and ii) Val626/Ser431 on H11.
Positioned between two highly conserved negatively charged residues (Glu300 and Glu400)

on the C-terminal bundle of PepTSt is another acidic residue, Glu299. It has been proposed
that the cluster of three glutamates may form a proton relay network (Solcan, 2013); pro-
tonated Glu300 transfers its proton to Glu299 and forms the extracellular gate with Arg33
to induce the outward facing to inward facing conformational change, followed by Glu400
accepting this proton from Glu299 to break the intracellular gate and release the proton to
the cytoplasmic space, completing the transition. This hypothesis, however, remains spec-
ulative as mutation of the Glu299 residue to alanine, glutamine or even aspartate, did not
express and thus no transport data is available. Also, crystallographic data shows that the
backbone carbonyl of Glu299 interacts with the C-teminus of triAla (Lyons et al., 2014).
Interestingly, at the equivalent position in PepT1, a hydrophobic residue, Phe297 is found
instead. Further inspection of the multiple sequence alignment of mammalian PepT1 and
PepT2 indicates that this residue is totally conserved in PepT1 but is replaced by another
hydrophobic residue, leucine, in PepT2. It is worth noting that in other bacterial homologs,
for example PepTSo, a hydrophobic residue is also found at this position, suggesting that
the role Glu299 plays in PepTSt is likely to be specific to this transporter alone. Mutation
of Phe297 to cysteine in human PepT1 abolished Glysar uptake activity (Kulkarni et al.,
2003b), further corroborating the importance of this residue in peptide transport.

Another residue not conserved between the binding sites of human PepT1 and PepTSt is
Val626 and Ser431, respectively. In the crystal structure of PepTSt-AlaPhe complex, the po-
lar residue, Ser431, is found within the hydrophobic pocket that accommodates the pheny-
lalanine side chain of the peptide substrate. Mutation of this residue to alanine severely
reduced proton-driven AlaAla uptake, indicating that it is central to peptide binding (Lyons
et al., 2014). In mammalian PepT1 and PepT2, a hydrophobic residue, either valine or
isoleucine, is conserved at this position. However, no mutational studies has been per-
formed on this particular residue for human PepT1. It is likely that the presence of a more
hydrophobic side chain in this region would augment the hydrophobicity of the pocket,
making PepT1 prefer hydrophobic ligands more than PepTSt.

Finally, the transport data for human PepT1 and PepTSt are compared. The IC50 val-
ues for PepT1 are derived from whole cell competition uptake assays performed by Biegel
et al. (2005) or Vig et al. (2006), whereas for PepTSt, data from proteoliposome transport
assays are used, all of which are conducted by either Solcan et al. (2012) or Joanne Parker
(see Chapter 4). To date, data for tripeptide transport remains scarce for both transporter
homologs, therefore comparison is only made for dipeptides. As these experimental assays
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are fundamentally different in their setups, i.e. in vivo vs. in vitro, a direct quantitative com-
parison is not possible. Instead, we are more interested in the substrate rankings for both
transporters to understand if there exist any discrepancies between their peptide selectivities.
Again, the Spearman’s rank correlation coefficient (Equation 3.5) (Lehmann and D’Abrera,
1998) is used as a statistical metric. There is a moderately high correlation between the two
data sets (r = 0.85), suggesting at least for dipeptides, the substrate preference of human
PepT1 and PepTSt are very similar (Figure 6.10(c)). This is not entirely surprising given the
high amino acid sequence similarity in the binding site, as discussed earlier. The two differ-
ences found (Phe297/Glu299 and Val626/Ser431) evidently do not cause a major divergence
in substrate selectivity. Therefore, it is reasonable to assume that the key characteristics for
peptide binding in PepTSt will transfer to human PepT1.

Next, the findings for the bacterial homolog (Chapter 4) will be interpreted in terms
of their implications towards drug design targeting PepT1. There are two types of drug
compounds that are known substrates of PepT1: i) peptide prodrugs like the antiviral vala-
cyclovir and ii) peptidomimetics like the b -lactam antibiotics. We will propose how these
drugs interact with the transporter and suggest essential features for molecular recognition.

6.4.1 Prodrug binding via a pseudo-N-terminus

Prodrugs are inactive and chemically altered versions of a pharmacological agent that un-
dergo an enzymatic reaction in vivo to become an active drug compound (Rautio et al.,
2008). Prodrugs are developed to improve various properties of an initial lead compound,
for example enhancing their chemical solubility in an aqueous environment (physicochemi-
cal) or increasing their lipophilicity for better permeability into the cells (pharmacokinetic).
A drug compound is covalently attached to a “promoiety” group through a bio-reversible
link that will be enzymatically cleaved upon entrance into a cell. The choice of link de-
pends upon the chemical groups on the drug compound itself that are amenable to chemical
reaction; for example a carboxyl group on a drug can be attached to a promoiety via an ester,
amide and carbonate link. Ester prodrugs are the most common owing to their straightfor-
ward synthesis and the ubiquitous in vivo esterases that assure high recovery of the active
compound (Liederer and Borchardt, 2005).

Designing prodrugs to improve oral bioavailability has been performed for decades,
although earlier efforts depended on a trial and error approach. Often, a polar group on a
drug compound is attached to a more hydrophobic moiety to mask polarity and therefore
improve membrane permeability. In recent years, however, it has been realised that carrier-
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mediated cellular uptake plays an instrumental role in drug absorption (Dobson and Kell,
2008). One example is, of course, through the peptide transporter PepT1 in the endothelial
cells of the small intestine. Valacyclovir, a prodrug of an antiviral acyclovir, was created
by attaching a valine amino acid residue to a carboxyl group of the drug compound via
an esterification reaction. This increases the bioavailability three- to five-fold (Wang et al.,
1996; Beutner et al., 1995), although during its conception in 1995, little was known about
the mechanism that led to the improved absorption. A few years later, a study by Ganapathy
et al. (1998) provided the first evidence that this prodrug is a substrate of PepT1 and PepT2,
whereas its parent drug, acyclovir, is not transported. Their results explained the enhanced
bioavailability and triggered developments of numerous other prodrugs to target PepT1.
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Table 6.6 lists six such prodrugs, three of which have been approved by the United
States Food and Drug Administration (FDA), while four others are currently in pre-clinical
studies. Valacyclovir, valganciclovir and cidofovir are used to treat various kinds of viral
infections, midodrine is a vasopressor agent, while floxuridine and gemcitabine are utilised
in chemotherapy for lung and colorectal cancer, respectively. Even though the function of
the active drugs are distinct from each other, one common feature persists amongst all of
these prodrugs—an amino acid residue is attached to the end of the molecule. With the
exception of midodrine, the residue are linked to the drug compound through a hydroxyl,
carboxyl or phosphoryl group via an ester linkage. For midodrine, an amide bond is used
instead. Interestingly, the attached amino acid is always hydrophobic, i.e. valine for valacy-
clovir, valganciclovir, cidofovir and gemcitabine‡, glycine for midodrine and isoleucine for
floxuridine§.

Structurally, these prodrugs resemble a dipeptide, with the additional amino acid mim-
icking the N-terminal residue and the active drug matching the position of the C-terminal
side chain (Figure 6.11(a)). In Chapter 4, it was shown that in PepTSt the binding of most
dipeptides is sensitive to the N-terminus as changing the N-terminal side chain results in
a larger perturbation in the overall binding free energy (Figure 4.6). Further examination
revealed a strong interaction of the N-terminal side chain with a group of polar residues in
the binding site of the protein (Figure 4.7). We propose peptide prodrugs bind to PepT1 in
a similar way. The attached amino acid acts as a pseudo-N-terminus that strongly interacts
with residues in the cavity, i.e. Asn329, Glu595 and Asn171 (Figure 6.11(b)). This hy-
pothesis is further corroborated by previous findings by Borner et al. (1998) and Meredith
et al. (2000) who demonstrated the central role of the N-terminus in peptide recognition in
human PepT1, and suggested that the amino group is responsible in aligning the rest of the
substrate in the binding site. It makes sense that all of the attached amino acid in the peptide
prodrugs are hydrophobic as dipeptides with hydrophobic residues are the most preferred
by this family of transporter, as was shown in Figure 4.4 and 4.6 for PepTSt and previous
studies on human PepT1 (Gebauer and Hartrodt, 2003; Vig et al., 2006; Biegel et al., 2005).
Having a hydrophobic residue at this position of the prodrug will therefore guarantee a high
affinity binding to the transporter.

Our free energy calculations also indicated that binding is less sensitive to the C-terminus
‡Isoleucyl-prodrug of gemticabine also demonstrated an increase in uptake, but lower than the valyl coun-

terpart (six- and eleven-fold, respectively) (Song et al., 2005).
§During the development of floxuridine (Tsume et al., 2008), other hydrophobic amino acid residues like

valine, phenylalanine, leucine and glycine have been tested as well, but isoleucine gave the lowest IC50 value
i.e. highest affinity.
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phenylalanine side chain and acyclovir inside a hydrophobic cavity (dotted circles).
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of a dipeptide. The structural reasoning behind this observation is the C-terminal side chain
is accommodated inside an electro-neutral hydrophobic cavity that can adapt to various
chemical group without a large energetic penalty (Figure 4.7). Our homology model of
PepT1 predicted a similar hydrophobic pocket made of residues such as Tyr64, Trp294,
Trp622, Leu623 and Val626. Tyrosine and tryptophan are both aromatic and polar and
therefore the pocket, in principle, could adopt various different chemical groups. Assum-
ing the peptide prodrugs bind to PepT1 like a dipeptide, then the active drug moiety will
be positioned inside this large hydrophobic cavity. As this pocket is neutral in charge, it
should allow a variety of different compounds inside it without a large change in the over-
all affinity. This would explain how PepT1 can accommodate a wide range of active drug
agent of diverse chemistries. Taken together, this analysis suggests that the peptide prodrug
approach has been successful owing to two reasons: i) the addition of amino acid gives the
drug compound an N-terminal anchor to attain high affinity to the transporter and ii) the
adaptable hydrophobic cavity in PepT1 can accommodate a wide range of drug moieties.

A recent study by Zhang et al. (2012) presented a new approach in the prodrug design
for PepT1—instead of adding an amino acid residue, a dipeptide is attached to the pharma-
ceutically active agent. The drug of interest, azidothymidine (AZT), is an inhibitor of the
reverse transcriptase enzyme and is used for antiretroviral therapy against HIV. A library
of 61 different dipeptides is attached to AZT via an azide-alkyne cycloaddition reaction
(Rostovtsev et al., 2002). Intriguingly, out of these dipeptides, the best affinity, measured
by competition assays in Hela cells, is achieved by the addition of SerGlu. Conversely, the
predictions for PepTSt in Chapter 4 suggests that acidic dipeptides are very poor binders
(Figure 4.4) and the same trend is also observed in human PepT1 (Biegel et al., 2005) and
yeast Ptr2p (Ito et al., 2013). One possible explanation is that the addition of AZT changes
the chemistry of the glutamate side chain, for example, by increasing its pKa resulting in a
protonation, masking the negative charge.

Structural comparison of the AZT-dipeptide conjugate reveals that, unlike other pro-
drugs discussed earlier, this compound is more similar to a tripeptide (Figure 6.12(a)).
The AZT moiety resembles the position of the first amino acid side chain, whilst the at-
tached dipeptide acts as the second and third residues. The crystal complex of PepTSt-triAla
demonstrated that despite the different binding orientation compared to AlaPhe (’vertical’
vs. ’horizontal’), the residues contacted in the binding cavity are essentially very similar
(Lyons et al., 2014). The first and second side chains of triAla occupy the same binding
pockets as the C-terminal and N-terminal side chains, respectively, of AlaPhe. By perform-
ing a structural alignment of the AZT-dipeptide prodrug with triAla, it was found that in our



6.4 Insights into drug design from PepTSt 184

N NH

O

O

O
HO

N

N

N

O
HN

O
NH

O

HO

NH2

O
HN

O

NH

O

HO

triAla

AZT-dipeptide conjugate

Dipeptide

AZT

(a) (b)

W622

N329

E595

N171

R1

R2

Figs. 6.12: The structure of azydothymidine (AZT)-dipeptide conjugate developed by Zhang et al.
(2012) to target PepT1. (a) The prodrug is analogous to triAla where the AZT drug moiety mimics
the position of the first side chain. (b) Proposed binding pose of AZT prodrug according to the
vertical binding orientation of triAla. The hydrophobic pocket is highlighted the dotted circle.

PepT1 model, the AZT group is projected into the large hydrophobic cavity (Figure 6.12(b)),
which is also occupied by drug moieties from other prodrugs. Hence, we propose that in
spite of this different strategy, the molecular mechanism behind the success of these two ap-
proaches is fundamentally the same—that the large hydrophobic pocket provides a refuge
for drug molecules to be transported by PepT1.

6.4.2 A possible role of His57 in drug transport

Another category of drug that is a substrate of the human peptide transporters is the pep-
tidomimetics, i.e. compounds that are structurally similar to peptides. The largest family of
drugs that falls in this category is the b -lactam antibiotics (Biegel et al., 2005; Luckner and
Brandsch, 2005). These drugs are prescribed to combat bacterial infections by inhibiting the
biosynthesis of their cell wall. The core structure of a b -lactam antibiotics resembles the
backbone of a tripeptide by having features like a peptide bond, a carboxylic acid group and
an amino group (Figure 1.15). The two classes of b -lactam antibiotics, which demonstrate
affinity to human PepT1, are the cephalosporins and penicillins, with the former gener-
ally displaying a lower Ki and higher oral bioavailability (Bretschneider et al., 1999). Four
examples of cephalosporins with high intestinal absorption are shown in Figure 6.13, high-
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ity. The core structure of cephalosporins is shown at the top. Percentage oral bioavailability is taken
from Bretschneider et al. (1999).
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As high affinity peptide substrates cannot be used as reporters in whole cells, it is 

currently difficult to establish a definitive correlation between the in vivo and in vitro data. 

However, although direct drug uptake could not be measured in vitro for any of the proteins, 

the liposomes competition assay clearly shows that cephalosporin antibiotics compete against 

uptake of high affinity substrate AlaAla via both YdgR and PepTSt, as does valacyclovir in the 

case of PepTSo, making it likely that they are transported or at least bind to the proteins in a 

specific manner in vitro, albeit with low affinity. In fact, this notion agrees with previously 

determined affinity constants for cefadroxil by PepT1, like the Km
app of 1.1 mM in oocytes 

Fig. 7-6: Drug competition assays in PepTSt and PepTSo proteoliposomes. 
(A) Competition against ΔΨ-driven uptake of 15 µM 3H-AlaAla by 1 µM PepTSt after 2 min (data as 
percentages). 
(B) Competition using 50 µM 3H-GlySar as a reporter in the same conditions. 
(C) Competition against ΔΨ-driven uptake of 15 µM 3H-AlaAla by PepTSo in the same conditions. 
Measurement taken at the 10 min time point. 
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Figs. 6.14: Experimental transport data of PepTSt for several drug compounds from proteoliposome-
based uptake assays. (a) Percentage residual uptake of 3H-AlaAla from proton-driven competition
transport assays (Solcan, 2013). (b) A direct measurement of peptide and drug uptake using pH based
transport assays for PepTSt (blue) and PepTSo (red). Uptake was measured relative to AlaAla (AA).
No transport was observed for AlaAlaTyr (AAY), valacyclovir, cephradine, cefadroxil, cephalexin
and cefaclor by PepTSt (Grba et. al, unpublished data).

lighting the structures of their side chains. Several ligand-based studies have been performed
to identify structural determinants for binding to human PepT1 by utilising the vast amount
experimental data available in the literature; for example, Biegel et al. (2005) highlighted
the importance of the size of the side chain attached to the lactam ring to determine affinities
and that certain chemical groups like aminothiazole in ceftibuten can enhance binding.

Intriguingly, transport data from proteoliposome based uptake assays indicate that the b -
lactam antibiotics (and drugs, in general) are much less favoured by the bacterial homolog,
PepTSt (Figure 6.14). In vitro competition assays using 3H-AlaAla as a reporter substrate
demonstrated marginal inhibition by drugs like cefadroxil and cephalexin while others such
as ampicillin did not affect peptide uptake at all (Solcan, 2013), implying that these drugs
have very poor binding affinities to this transporter. A further study using pH based as-
says that directly measured drug uptake into proteoliposomes corroborated this findings by
showing no transport at all for all tested drugs and also for bulky tripeptides (Grba et. al,
unpublished data). Their results suggest that drug binding to PepTSt occurs mostly at low
affinity (if at all), and once bound, the compounds are not transported across the membrane,
essentially acting as a weak competitive inhibitor. These observations, however, are not ap-
plicable to all bacterial peptide transporters, as exemplified by PepTSo. Grba et. al showed a
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significant uptake for all tested drug compounds as well as bulky tripeptides in their PepTSo

transport assays (Figure 6.14(b)). This raises further questions of what makes PepTSt differ-
ent and how PepT1 and PepTSo can transport bulky tripeptides, and most importantly, drug
compounds?

One of the principle differences between PepT1 and PepTSo with PepTSt is a histidine
residue on H2. His57 in human PepT1 (or His61 in PepTSo) has been implicated in proton
coupling as the effects of mutations at this position on peptide transport is pH dependent
(Uchiyama et al., 2003; Newstead et al., 2011). This histidine residue is highly conserved in
the mammalian peptide transporters PepT1 and PepT2 but is only present in select bacterial
homologs, such as PepTSo. At this position in PepTSt and GkPOT, the histidine residue
is replaced by an alanine and a serine, respectively (Figure 6.15(c)). In Chapter 5, it was
proposed that His57 forms a proton tunnel due to the adjacency to an extracellular water
pocket; the residue is suggested to transfer a proton from a water molecule to the extracel-
lular gating residue, Asp298, initiating a conformational change from inward facing (gate
close) to outward facing (gate open) (Figure 5.13). Consequently, it is possible that PepT1
and PepTSo have a more efficient proton coupling mechanism compared to other POT trans-
porters without a histidine at this position like PepTSt. The transport of tripeptides, and by
extension drugs, is coupled to fewer protons in PepTSt (Parker et al., 2014). The lack of
an efficient proton transfer strategy, therefore, could potentially exacerbate or even elimi-
nate drug uptake, which would explain why PepTSt does not transport drugs but PepT1 and
PepTSo do.

Another possible interpretation of this observation is that His57 itself can be a gating
residue. This brings us back to the simulations of PepTSt with tripeptides containing aro-
matic side chains, i.e. phenylalanine and tyrosine, in §4.3.5. Positioning either one of these
residues on the C-terminus is detrimental to binding as depicted by the positive values of
DDG (Table 4.4 and Figure 4.11). Upon closer inspection, it was found that a gating residue,
Arg33, interacts with the benzene/phenyl ring via a cation-p interaction, which potentially
disrupts the formation of the extracellular gate, therefore preventing the transport cycle.
Arg33 has been shown to be instrumental in peptide transport as the R33A mutation abol-
ished proton-coupled uptake activity (Solcan et al., 2012). Similar results are obtained for
GkPOT when the equivalent residue, Arg43, is mutated (Doki et al., 2013). These arginine
residues are proposed to form the extracellular gate for these bacterial transporters by in-
teracting with Glu300 (PepTSt) and Glu310 (GkPOT). Interaction with a peptide substrate,
much like these mutations, will deprive the glutamate residues on the C-terminal bundle
of a salt bridge pair on the N-terminal bundle, essentially interrupting the conformational
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(a)

(b)

(c)

30. 50. 130. 140. 320. 330. 420. 440.
PepTSo YGMRN EELRG IKPLV GDQFDQ DQKAS ND...MVK GEVLV MKGTI
HsPepT1 YGMRA SWDDN IKPCV GDQFEE DQQGS TTMSGKIG GEVVF MKSVL
OcPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TTMSGRIG GEVVF MKSVL
MmPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TTMNGKIG GEVVF MKSVL
RnPepT1 YGMRA GWDDD IKPCV GDQFEE DQQGS TTMTGKIG GEVVF MKSVL
BtPepT1 YGMRA GWNDN IKPCV GDQFEE DQQGS TTMSGKIG GEVVF MKSVL
SsPepT1 YGMRA GWNDN IKPCV GDQFEE DQQGS TTMNGQIG GEVVF MKSVL
CfPepT1 YGMRA GWDDN IKPCV GDQFEE DQQGS TAMSGKIG GEVVF MKSVL

• • • • • • • •

30. 50. 130. 140. 320. 330. 420. 440.
PepTSo YGMRN EELRG IKPLV GDQFDQ DQKAS ND...MVK GEVLV MKGTI
HsPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS IRMNRNLG GEVMF MKSVL
OcPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS TKMNGNLG GEVMF MKSVL
MmPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS NKMDGDLG AEVMF MKSVL
RnPepT2 YGMKA HWNED IKPCV GDQFEE DQQGS NKMNGDLG AEVMF MKSVL
SsPepT2 YGMKA HWSED IKPCV GDQFEE DQQGS TRMNGNLG GEVMF MKSVL
CfPepT2 YGMKA HWSED IKPCV GDQFEE DQQGS TRMNGNLG GEVMF MKSVL

• • • • • • • •

30. 60. 300.
HsPepT1 SYYGMRA YHTFVAL FDQQGSR
OcPepT1 SYYGMRA YHTFVAL FDQQGSR
MmPepT1 SYYGMRA YHTFVAL FDQQGSR
RnPepT1 SYYGMRA YHTFVAL FDQQGSR
HsPepT2 SYYGMKA YHAFSSL LDQQGSR
OcPepT2 SYYGMKA YHAFSSL LDQQGSR
MmPepT2 SYYGMKA YHAFSSL LDQQGSR
RnPepT2 SYYGMKA YHAFSSL LDQQGSR
PepTSo SFYGMRN FHSFVIG FDQKAST
PepTSt SYYGMRA MAIYASM EEQGSVV
GkPOT SYYGMRA MSIYGAL QEQGSTI
PepTSo2 GYYGMQA WSACAAL YQQMSTS
YbgH SFYGMRA FSAYCSL AQQGGSS

• • •

1

Arg34
His57

Asp298

Arg33

Glu300

Ala61

Figs. 6.15: A possible role of His57 as an extracellular gate in drug binding. (a) Proposed binding
orientation of a b -lactam antibiotics, cefadroxil (cyan) based on the vertical pose of triAla. Arg33 can
from a cation-p interaction (red dashed line) with the phenyl group of the drug and His57 potentially
substitutes this residue as a gating residue and interacts with Asp298 (black). The approximate
position of the hydrophobic pocket is indicated by a brown dashed line. The N-terminal bundle is
coloured in orange and the C-terminal bundle in purple. H2 and H11 are removed for clarity. (b) A
similar binding pose of cefadroxil to PepTSt with Arg33-Glu300 as the extracellular gate and Ala61
in place of His57. (c) Sequence alignment of mammalian PepT1 and PepT2 with three bacterial
homologs, highlighting the gate residues in orange (N-terminal) and purple (C-terminal).
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change. As illustrated in Figure 6.13, all of the b -lactam antibiotics tested in the uptake
assay of PepTSt (Figure 6.14) have an aromatic ring on the R2 position¶. This electron-rich
p system could form a similar cation-p interaction with Arg33 (Figure 6.15(b)), as has been
observed in the simulations of PepTSt with AlaAlaPhe and AlaAlaTyr, which would explain
the lack of transport.

In PepTSo, however, Arg32 appears to be less critical to transport as mutation to alanine
did not hinder peptide uptake (Solcan, 2013). While the equivalent residue in human PepT1
(Arg33) has not been subject to any functional studies, we expect a similar result. The
presence of His57 in PepT1 (or His61 in PepTSo) on H2 in the N-terminal bundle increases
the versatility of the extracellular gate as it can also be the salt bridge partner to Asp298
(Asp316) in the C-terminal bundle. Hence, the arginine residues could be employed to sta-
bilised the binding of the b -lactam antibiotic (Figure 6.15(a)), which would explain their
high affinities and relative uptake activities in PepT1 and PepTSo. For this hypothesis to be
true, the b -lactam antibiotic must be positioned vertically in the triAla binding orientation
(Lyons et al., 2014) with the lactam ring projected into the hydrophobic pocket and the R2

group oriented towards the extracellular side. The large size of the lactam ring means there
is a limit as to how big the R1 group can be if the hydrophobic cavity is to accommodate
it, which justifies the results from Biegel et al. (2005) who discovered that the size of this
side chain affects binding affinities. This would also explain why cephalosporins with ex-
tended aromatic R1 side chains like cefsulodin and cefodizime have poor oral bioavailability
(Bretschneider et al., 1999).

6.5 Conclusion

The promising results for binding affinity predictions in PepTSt using a range of free energy
methods (Chapter 3 and Chapter 4) provides a blueprint to study the pharmaceutically im-
portant human PepT1. Applying the same methodologies to the homology model of PepT1
built in Chapter 5, however, yields in disappointing results. All end-point methods fail to
distinguish good substrates from poor ones and the correlation to experimental data is in the
same range as the AutoDock Vina scoring function. Several limitations in the current study
that was not previously present in the prediction with PepTSt were acknowledged. These
include the use of a generic force field to parametrise the drug compounds and the less ac-

¶While most cephalosporins and penicillins have an electron-rich ring system on their side chain, some
compounds like ceftibuten and cyclacillin have a side chain made of a fully saturated ring, and yet still display
high affinities towards human PepT1 (Bretschneider et al., 1999), suggesting that other chemical groups and
residues are also involved in drug binding to PepT1.
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curate experimental data from whole cell uptake assays, both of which, however, are shown
to not significantly affect the results.

Further analyses point towards the importance of a high resolution crystal structure for
binding free energy predictions or even for protein-ligand simulations in general. Homol-
ogy modelling, whilst good at predicting the overall fold of a protein given an adequate
sequence similarity, is not sufficient to accurately model the coordinates of the amino acid
side chains, which is the key component of ligand interactions in this protein family. Even
at the upper limit, when a model is built using the crystal structure of itself as a template, the
slight structural differences at the beginning of an MD simulation can potentially propagate
during the simulation and induce erroneous sampling of the ligand molecule and ultimately
incorrect DG calculations. Considering the difficulty in crystallising mammalian membrane
proteins, the current lack of structural data will inevitably pose a significant bottleneck in
affinity predictions for pharmacologically relevant transporters.

The last resort is to establish a good model system—in the case of the human PepT1,
using available crystal structures of the bacterial homologs—from which meaningful de-
ductions on the interactions of the protein with pharmaceutical agents can be made. Based
on comparison to PepTSt, we propose that peptide prodrugs bind to human PepT1 like a
dipeptide, i.e. in a lateral pose with the attached amino acid providing an N-terminal anchor
to the binding site whilst the active drug moiety itself is accommodated inside a hydropho-
bic pocket. We also underline the possible role of His57 as an additional gate residue to
drive the more efficient transport of drug compounds, especially the b -lactam antibiotics,
across the plasma membrane. These hypotheses rely on the assumption that peptide and
drug binding in PepT1 occurs in a largely similar way to PepTSt. Future studies in the form
of biophysical and biochemical assays are required to verify these key chemical groups and
residues, and ultimately a high resolution crystal structure of the transporter bound to a
peptide or a drug is a crucial step forward in the field of drug design for PepT1.



Chapter 7

Summary and future perspectives

In 2011 when this research project started, the first crystal structure of a proton-dependent
oligopeptide transporter, PepTSo, had just been published by my experimental collaborator,
Simon Newstead (Newstead et al., 2011). Not long afterwards, they solved a structure of
a bacterial homolog, PepTSt, in a different conformational state (Solcan et al., 2012), and
collected diffraction data from crystals of the extracellular domain (ECD) of mouse PepT1
(Beale et al., 2015). These structural data opened a myriad of possibilities for studying
computationally the POT transporters with the ultimate goal of utilising them as a molecu-
lar delivery system for orally administered drug compounds. At the beginning, this thesis
branched out in two main directions. The first of these was to build a full-length model of
the human peptide transporter PepT1 in collaboration with Johnny Beale, a DPhil student
in Simon Newstead’s group, with an aim of understanding the role of the ECD in peptide
transport. The second direction was to computationally predict the binding affinities, and
by extension, the transport of substrates, i.e. peptides and more importantly, drugs, using
a range of free energy methods. This part was made possible by the recent publication
of co-crystallised structures of PepTSt-AlaPhe and PepTSt-AlaAlaAla, which provided the
first insights into how ligands interact with this transporter (Lyons et al., 2014). In this final
chapter, we shall first summarise each of the preceding results chapters briefly, discuss the
relevance of the research, and then suggest potential future directions.

7.1 Summary and relevance of research

In Chapter 3, a range of binding affinity prediction methods were assessed using a set of ex-
perimental data from competition transport assays of PepTSt. This chapter laid the ground
work by determining which methods were most reliable at reproducing the ranking of lig-
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ands: these were then employed in subsequent chapters. The promiscuity of the POT trans-
porter family was studied in depth in Chapter 4 using the model bacterial transporter, PepTSt,
by modelling the binding and predicting the affinities of all 400 possible dipeptides. Our
predictions in this chapter were validated by proteoliposome competition transport assays
performed by Simon Newstead’s group. The building of the homology models of human
PepT1 and PepT2 was described in Chapter 5. To date, they represent the most complete
three dimensional structural characterisation of these pharmaceutically relevant transporters.
Using the PepT1 homology model, we then modelled the binding of peptides and drugs in
Chapter 6, and attempted to compute their binding affinities. This chapter also extended
our findings on the model transporter, PepTSt, in Chapter 4 to the rational design of drugs
targeting PepT1.

This research project has advanced our understanding of peptide transporters primarily
in two ways. Methodologically, it was shown that free energy methods can indeed be used
to accurately predict the binding affinities of ligands to a peptide transporter. The end-point
methods like the linear interaction energy (LIE) method are a good compromise between
accuracy and computational expenses as they are able to broadly classify ligands into strong
and weak binders. The more rigorous method, thermodynamic integration, is useful for
refinement of results or to answer specific questions, for example which part of the ligand
molecule is sensitive to perturbation. The use of free energy methods to study protein-ligand
interactions per se is not novel, although their application to membrane transporters is, to the
best of our knowledge. Membrane transporters undergo complex conformational changes,
which raises the question of whether the binding affinity of a ligand to one particular confor-
mation is representative of the whole transport cycle. Also, in the absence of binding assays,
which are typically difficult to set up for membrane proteins, ligand affinity data are limited
to indirect measurements, for example the IC50 values from competition transport assays,
which might not be correlated to binding energy. In this thesis, we showed that, at least for
the bacterial peptide transporter PepTSt, in silico binding energy predictions are not only
able to reproduce ligand ranking based on available IC50 values, but also able to expand
our current understanding on the different ways ligands can interact with the transporter.
It must be emphasised that the accurate computation of binding affinities is contingent on
the availability of a crystal structure; applying the same methods to the human PepT1 ho-
mology model returned discouraging results. This highlights the limitation of the current
homology modelling algorithms and the importance of protein structural determination by
X-ray crystallography.

Another key advancement contributed by this thesis lies in the biology of the peptide
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transporter itself. From the complex crystal structures solved by Lyons et al. (2014), we
know that the promiscuity of this transporter family arises, in large part, from their ability to
accommodate ligands in various orientations using the same binding cavity. In this work, it
was demonstrated that a dipeptide with a large side chain, like lysine, may be oriented verti-
cally like a tripeptide, further corroborating the idea that this transporter utilises its binding
cavity in a flexible fashion. Also, we delineated the origin of binding selectivity for dipep-
tides to their N-terminal side chains chains through a series of alchemical transformations.
The binding of the C-terminal side chain was found to be less sensitive to structural changes,
suggesting the energetic landscape of the binding site is asymmetrical. These results have
important implications for rational drug design targeting human PepT1. The current ap-
proach of making prodrugs by attaching an amino acid residue to an active drug moiety can
be justified as the amino acid residue mimics the N-terminus for the drug compound and
therefore the drug gains affinity for the transporter. As such, the choice of amino acid to be
added to the drug compounds is of utmost importance to obtain the highest affinity. Whilst
the binding of tripeptides were not studied in as much detail as that of dipeptides in this
thesis, it was shown that certain bulky residues like phenylalanine and tyrosine can poten-
tially reduce affinities. These results will be relevant in the design of prodrugs mimicking a
tripeptide, in which case a dipeptide is attached to the drug moiety, as performed by Zhang
et al. (2012). Nevertheless, as all of these results were obtained from the model peptide
transporter, PepTSt, it is essential to validate them with human PepT1 once the structure
becomes available.

7.2 Future directions

Our computational study of peptide transporter in this thesis is by no means complete. There
are still many aspects that are not covered directly in this thesis and can potentially be ad-
dressed in future work. First and foremost is the protonation of the residues in the binding
site. There are six protonatable residues in the binding site of PepTSt and five in human
PepT1. Parker et al. (2014) recently showed that the transport of tripeptide by PepTSt is
coupled to three protons whereas the transport of dipeptide is coupled to four or five pro-
tons. Mutagenesis studies of PepTSt have shown that removing any of these protonatable
residues abolishes proton-coupled transport (Solcan et al., 2012; Solcan, 2013), suggest-
ing they are all protonated at some point during the transport cycle and at least three and
four/five residues are deprotonated to release tripeptide and dipeptide, respectively, from
the binding site. Due to the resolution of the available X-ray crystal structures, however, the



7.2 Future directions 194

protonation state of these residues in the crystallised inward open structure of PepTSt is not
known. For simplicity, we used a structure where all of these residues are deprotonated in
our modelling and simulations. It would be interesting to repeat the free energy calculation
with a structure where some or all of the protonatable residues are protonated to see how
this affects the affinity of ligand to the transporter. As outlined in §1.2.4, protonation of
the gating residues is proposed to play a crucial role in the conformational changes of the
transporter and it is possible that this alters the strength of binding of the ligand molecule
to facilitate its release into the cytoplasm. We showed in Chapter 3 that the thermodynamic
integration method is sufficiently accurate to discern small structural changes, therefore one
way to investigate this is to perform alchemical transformation of the protonatable residues
in the binding site, for example Glu400 to GluH400, and calculate the relative free energy
of binding of a ligand. Understanding the effect of protonation on ligand binding would
advance our knowledge on the coupling of proton transport to substrate translocation by the
POT family transporters.

Another aspect that has not been addressed in this thesis is the role of water in ligand
binding. Water is crucial in coordinating a ligand in the binding site via a complex net-
work of hydrogen bonds with the protein (Lu et al., 2007). The accurate placement of water
molecules in the binding site during an MD simulation is therefore essential for a reliable
prediction of binding affinities (Luccarelli et al., 2010) and, by extension, successful com-
putational design of drugs (de Beer et al., 2010). Based on our simulations, the binding
cavity of PepTSt are fully solvated in the presence of ligand due to the existence of several
polar residues in the binding site such as Tyr68 and Asn328. The polar nature of the back-
bone of a peptide substrate suggests that some water molecules might serve as stabilising
bridges in the interface of the transporter and peptide substrate. We also showed in §4.3.1
that dipeptides with polar side chains are amongst the best substrates of PepTSt, further hint-
ing at the potential role of water in peptide binding. Due to the moderate resolution of the
crystal complexes of PepTSt-AlaPhe and PepTSt-AlaAlaAla, however, no water molecules
were resolved in the binding cavity. As such, there is currently no experimental data on
structurally conserved water molecules for this transporter. To approach this problem com-
putationally, we could map the water density in the binding site from our MD simulation of
the transporter in the ligand-bound and ligand-unbound states. This would help identify any
water molecules that are not displaced during peptide binding and thus are potentially key
to the formation of protein-ligand complex. We could then compare these results to existing
computational methods that predict the position of water in the binding site, for example the
WaterDock algorithm developed by Ross et al. (2012). These predictions could be validated
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when higher resolution crystal structures become available in the future.
It was shown for the sugar transporter GLUT1 that apparent binding affinity of glucose

differs in the outward facing and the inward facing states (Brahm, 1983). Given the struc-
tural similarity of GLUT1 and the POT family transporters, it is highly likely that the same
observation also applies to PepTSt. Hence, it would be interesting to computationally pre-
dict the binding affinities of ligands to this transporter in other conformational states than
the inward open state that has been performed in this thesis. Of course, we are currently
hampered by the lack of crystal structure of PepTSt in the outward open configuration. The
repeat swapped modelling technique introduced by Forrest (2013) has been successful in
generating an alternative conformation of a transporter from available crystal structures.
However, this approach was not pursued in this thesis as we have shown that binding affinity
predictions using homology models invariably produces inferior results for this transporter
family. Also, it is not known whether the binding pose of a peptide ligand to PepTSt in the
outward open conformation is the same as the inward open conformation. Nevertheless,
when such a structure becomes available, extending our binding energy prediction to the
outward facing state would elucidate the changes in affinities during the transport cycle and
help us understand the mechanism of initial binding and eventual release of substrates.

While this research project focused primarily on protein-ligand binding, there are vari-
ous other aspects regarding the biology of peptide transporters that can be studied compu-
tationally. One example is investigating large-scale conformational changes. Various ad-
vanced computational techniques such as non-equilibrium steered MD and enhanced sam-
pling protocols like metadynamics have been employed to simulate large structural transi-
tions of membrane transporters (Moradi and Tajkhorshid, 2015). Long-timescale unbiased
atomistic MD simulations are also capable of generating an alternative conformation, for
example the partially outward facing state of PepTSo (Fowler et al., 2015). Apart from il-
luminating the molecular mechanism of transport cycle, such studies also provide inputs
for cross linking studies to capture the transporters in a particular conformation for crys-
tallisation. To date, most studies have focused on simulating the transitional change of an
apo transporter; it would be intriguing to perform such simulation in a ligand-bound state
to understand the different binding poses explored by the substrate during a transport cy-
cle. These results could then feed into the binding affinity prediction of ligands in different
conformational states of transporters.

Additionally, specific protein-lipid interactions can also be studied using MD simula-
tions. Several integral membrane proteins have been shown to bind specifically to certain
species of lipids such as phosphatidyl inositol phosphate and cholesterol (Laganowsky et al.,
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2014; Fantini and Barrantes, 2013). For example, the crystal structure of the Drosophila
melanogaster dopamine transporter includes a cholesterol molecule inserted between its
transmembrane helices and it is speculated this stabilises the outward open conformation
(Penmatsa et al., 2013). Little is currently known about the interaction of lipids with peptide
transporters. In silico, this could be examined by performing simulations of the transporter
in a complex lipid bilayer with a composition mimicking the plasma membrane. The density
of each lipid species throughout the simulation could then be mapped around the protein to
pinpoint any selective binding. Certain lipid species like phosphatidyl serine are enriched
in the apical epithelial membrane where PepT1 is found (Gerl et al., 2012), and thus could
potentially play a role in its function.

Finally, the ultimate goal of this thesis is to predict binding and transport of drug com-
pounds by the human peptide transporter PepT1 to improve oral bioavailability. Alas, we
showed in §6.3.1 and §6.3.4 that homology modelling does not produce a sufficiently re-
liable structure for an accurate prediction of binding affinities. The determination of the
structure of mammalian peptide transporters by X-ray crystallography would therefore sig-
nificantly advance this field. The availability of a high-resolution crystal structure would
enable the binding of drug molecules to the human transporter to be modelled. A high-
throughput screening procedure could then be set up using the end-point methods to filter
out strong binders from a compound library, and theoretically rigorous free energy meth-
ods could be subsequently applied to optimise drug design. With the ever-growing speed
and availability of modern computational resources, we expect this protocol to be applied
at the front line of drug discovery in the near future, not only for PepT1, but also for other
medically relevant membrane transporters.
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Appendix A

Repeat simulations for thermodynamic
integration

Several alchemical transformation MD simulations in Chapter 3 were repeated to demon-
strate the reproducibility of the TI results. These include the transformation of AlaPhe to
AlaAla and AlaPhe to PhePhe. Reversed transformations were conducted for two cases:
AlaTyr to AlaPhe and PhePhe to AlaPhe.
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Table A.1: TI results for replicate alchemical transformations of (a) AlaPhe to AlaAla, (b) AlaPhe to
PhePhe, (c) AlaTyr to AlaPhe, and (d) PhePhe to AlaPhe. All values are quoted in kcal/mol with a
precision of 0.1 kcal/mol, and the error values represent the error of integration.

(a)

Step DGbound DGunbound DDG
1 147.1 ± 0.3 144.5 ± 0.1 2.6 ± 0.3
2 -2.3 ± 0.1 -4.0 ± 0.1 1.7 ± 0.1
3 -140.8 ± 0.3 -144.8 ± 0.1 -4.0 ± 0.1

Total 0.3 ± 0.4

(b)

Step DGbound DGunbound DDG
1 81.5 ± 0.3 67.1 ± 0.1 14.4 ± 0.3
2 3.5 ± 0.2 5.1 ± 0.1 -1.6 ± 0.2
3 -89.8 ± 0.2 -76.0 ± 0.1 -13.8 ± 0.1

Total -1.0 ± 0.4

(c)

Step DGbound DGunbound DDG
1 84.1 ± 0.2 91.0 ± 0.2 -6.9 ± 0.2
2 0.9 ± 0.0 0.5 ± 0.1 0.4 ± 0.1
3 -62.3 ± 0.1 -68.2 ± 0.1 5.9 ± 0.1

Total -0.6 ± 0.3

(d)

Step DGbound DGunbound DDG
1 -84.2 ± 0.3 -68.9 ± 0.1 -15.2 ± 0.2
2 -2.5 ± 0.2 -3.5 ± 0.1 1.0 ± 0.2
3 86.5 ± 0.2 71.4 ± 0.1 15.1 ± 0.1

Total 0.9 ± 0.3
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Figs. A.1: TI results for repeat al-
chemical MD simulations (blue) com-
pared to that for the original simula-
tions (red) as shown in Chapter 3 (Ta-
ble 3.5). (a) Transformation of AlaPhe
to AlaAla, (b) AlaPhe to PhePhe, (c)
reversed transformation of AlaTyr to
AlaPhe, and (d) reverse transforma-
tion of PhePhe to AlaPhe. Results for
reverse transformations are multiplied
by -1 (marked by asterisk) so the mag-
nitude of DDG can be compared to the
original simulations. Error bars indi-
cate the error of integration.



Appendix B

Sequence alignment for homology
modelling

The sequence alignment used to build the homology model of human PepT1 and PepT2
in Chapter 5. Gating residues on the N-terminal and C-terminal bundles of helices are
indicated in blue and red, respectively. Residues lining the binding site are highlighted by
the green circles. The secondary structure of the human PepT1 homology model is drawn
on the top of the alignment. For mouse PepT1 and rat PepT2, only the sequence of the
extracellular domain (ECD) is shown. Conserved residues are highlighted in light blue and
similar residues in pink. Uniprot IDs: PepTSo (Q8EKT7), HsPepT1 (P46059), HsPepT2
(Q16348), MmPepT1 (Q9JIP7) and RnPepT1 (Q63424).



H1

^o^o^o^o^
PepTSo .......................................PKWPRQIPYII 18
HsPepT1 MGMSK..............................SHSFFGYPLSIFFIV 20
HsPepT2 MNPFQKNESKETLFSPVSIEEVPPRPPSPPKKPSPTICGSNYPLSIAFIV 50
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

H1 H2

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo ASEACERFSFYGMRNILTPFLMTALLLSIPEELRGAVAKDVFHSFVIGVY 68
HsPepT1 VNEFCERFSYYGMRAILILYFTNF.....ISWDDN.LSTAIYHTFVALCY 64
HsPepT2 VNEFCERFSYYGMKAVLILYFLYF.....LHWNED.TSTSIYHAFSSLCY 94
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

• •• •• • •

H2 H3

^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo FFPLLGGWIADRFFGKYNTILWLSLIYCVGHAFLAIFE............ 106
HsPepT1 LTPILGALIADSWLGKFKTIVSLSIVYTIGQAVTSVSSINDLTDHNHDGT 114
HsPepT2 FTPILGAAIADSWLGKFKTIIYLSLVYVLGHVIKSLGALPILGG...... 138
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

H4 H5

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^
PepTSo .....HSVQGFYTGLFLIALGSGGIKPLVSSFMGDQFDQSNKSLAQKAFD 151
HsPepT1 PDSLPVHVVLSLIGLALIALGTGGIKPCVSAFGGDQFEEGQEKQRNRFFS 164
HsPepT2 ...QVVHTVLSLIGLSLIALGTGGIKPCVAAFGGDQFEEKHAEERTRYFS 185
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

•• •

H5 H6

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo MFYFTINFGSFFASLSMPLLL.........KNFGAAVAFGIPGVLMFVAT 192
HsPepT1 IFYLAINAGSLLSTIITPMLRVQ.QCGIHSKQACYPLAFGVPAALMAVAL 213
HsPepT2 VFYLSINAGSLISTFITPMLRGDVQC...FGEDCYALAFGVPGLLMVIAL 232
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0
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H6

^o^o^o^o^o^o^o^o^
PepTSo VFFWLGRKRYIHMPPEPKDPHGFLPVIRSALLTKVEGKGNIGLVLALIGG 242
HsPepT1 IVFVLGSGMYKKFKPQGNIMGKVAKCIGFAIKN................. 246
HsPepT2 VVFAMGSKIYNKPPPEGNIVAQVFKCIWFAISN................. 265
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

H7

^o^o^o^
PepTSo VSAAYALVNIPTLGIVAGLCCAMVLVMGFVGAGASLQLERARKSHPDAAV 292
HsPepT1 ......................RFRHRSKAFPKREHWLDWAKEKYDERLI 274
HsPepT2 ......................RFKNRSGDIPKRQHWLDWAAEKYPKQLI 293
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

H7 H8

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^
PepTSo DGVRSVLRILVLFALVTPFWSLFDQKASTWILQAND...MVKPQWFEPAM 339
HsPepT1 SQIKMVTRVMFLYIPLPMFWALFDQQGSRWTLQATTMSGKIGALEIQPDQ 324
HsPepT2 MDVKALTRVLFLYIPLPMFWALLDQQGSRWTLQAIRMNRNLGFFVLQPDQ 343
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

• ••• •

H8 H9

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo MQALNPLLVMLLIPFNNFVLYPAIERMGVKLTALRKMGAGIAITGLSWIV 389
HsPepT1 MQTVNAILIVIMVPIFDAVLYPLIAKCGFNFTSLKKMAVGMVLASMAFVV 374
HsPepT2 MQVLNPLLVLIFIPLFDFVIYRLVSKCGINFSSLRKMAVGMILACLAFAV 393
MmPepT1 .................................................. 0
RnPepT2 .................................................. 0

•

H9 ECD

^o^o^o^o^o^o^o^o^
PepTSo VGTIQLMMDG........................................ 399
HsPepT1 AAIVQVEIDKTLPVFPKGNEVQIKVLNIGNNTMNISLPGEMVTLGPMSQT 424
HsPepT2 AAAVEIKINEMAPAQPGPQEVFLQVLNLADDEVKVTVVGNENNSLLIESI 443
MmPepT1 ...................QVQIKVLNIGNNNMTVHFPGNSVTLAQMSQT 31
RnPepT2 .............AMAASQEIFLQVLNLADGDVKVTVLGSRNNSLLVESV 37
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ECD

PepTSo .................................................. 399
HsPepT1 NAFMT.FDVNKLTRINISSPG.........SP.VTAVTDDFKQGQRHTLL 463
HsPepT2 KSFQKTPHYSKL...HLKTKSQDFHFHLKYHNLSLYTEHSVQEKNWYSLV 490
MmPepT1 DTFMT.FDIDKLTSINISSSG.........SPGVTTVAHDFEQGHRHTLL 71
RnPepT2 SSFQNTTHYSKL...HLEAKSQDLHFHLKYNSLSVHNDHSVEEKNCYQLL 84

ECD

PepTSo .................................................. 399
HsPepT1 VWA..PNHY.QVVKDGLNQKPEKGENGIRFVNTFNELITITMSGKVYANI 510
HsPepT2 IREDGNSISSMMVKD.TESRTTNGMTTVRFVNTLHKDVNISLSTDTSLNV 539
MmPepT1 VWN..PSQY.RVVKDGLNQKPDKGENGIRFVNTLNEMVTIKMSGKVYENV 118
RnPepT2 IHQDGESISSMLVKD.TGIKPANGMAAIRFINTLHKDLNISLDTDAPLSV 133

ECD

PepTSo .................................................. 399
HsPepT1 S.SYNASTYQFFPSGIKGFTISSTEIPPQCQPN.....FNTFYLEFGSAY 554
HsPepT2 GEDYGVSAYRTVQRGEYPA........VHCRTEDKNFSLNLGLLDFGAAY 581
MmPepT1 T.SHNASGYQFFPSGEKQYTINTTAVAPTCLTD.....FKSSNLDFGSAY 162
RnPepT2 GKDYGVSAYRTVLRGKYPA........VHCETEDKVFSLDLGQLDFGTTY 175

ECD H10

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo .....................GSALSIFWQILPYALLTFGEVLVSATGLE 428
HsPepT1 TYIVQRKNDSCPEVKVFEDISANTVNMALQIPQYFLLTCGEVVFSVTGLE 604
HsPepT2 LFVITNNTNQGLQAWKIEDIPANKMSIAWQLPQYALVTAGEVMFSVTGLE 631
MmPepT1 TYVIRRASDGCLEVKEFEDIPPNT.......................... 186
RnPepT2 LFVITNITSQGLQAWKAEDI.............................. 195

••

H10 H11

^o^o^o^o^ ^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo FAYSQAPKAMKGTIMSFWTLSVTVGNLWVLLANVSVKSPTVTEQIVQTGM 478
HsPepT1 FSYSQAPSNMKSVLQAGWLLTVAVGNIIVLIVAG............AGQF 642
HsPepT2 FSYSQAPSSMKSVLQAAWLLTIAVGNIIVLVVAQ............FSGL 669
MmPepT1 .................................................. 186
RnPepT2 .................................................. 195

• •
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H12

^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^o^
PepTSo .SVTAFQMFFFAGFAILAAIVFALYARSYQMQ.................. 509
HsPepT1 SKQW.AEYILFAALLLVVCVIFAIMARFYTYINPAEIEAQFDEDEKKNRL 691
HsPepT2 .VQW.AEFILFSCLLLVICLIFSIMGYYYVPVKTEDMRGP...ADKHIPH 714
MmPepT1 .................................................. 186
RnPepT2 .................................................. 195

PepTSo ..........DHY.... 512
HsPepT1 EKSNPYFMSGANSQKQM 708
HsPepT2 IQGN.MIKLE.TKKTKL 729
MmPepT1 ................. 186
RnPepT2 ................. 195
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